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ABSTRACT 
The rapid progression of stem cell research over several decades has resulted in 
significant advances in disease treatment, particularly for diseases of the blood and bone marrow. 
While such treatments are beneficial to thousands of patients every year, mankind has not fully 
harnessed the therapeutic potential of stem cells. One important avenue towards achieving this 
goal involves using stem cells in native or artificial tissue to promote healthy cell and/or tissue 
expansion and regeneration. In order to understand the extrinsic factors and mechanisms that 
influence stem cell fate decisions, complex biomaterial screening platforms have been developed 
to screen the largest number of factors using the smallest number of rare, primary stem cells. 
These platforms necessitate analytical tools that can be used to identify the differentiation state 
of individual cells in order to correlate this information with the local cues acting upon the cell. 
The standard techniques used for stem cell identification in situ have a number of disadvantages, 
including the use of potentially toxic fluorescent probes, limitations in the chemical information 
that can be probed, and subjectivity in data interpretation.  
The work presented herein investigates the potential of spontaneous Raman 
microspectroscopy as an objective, non-invasive, marker-free, quantitative technique to 
chemically characterize and identify individual cells, specifically stem cells and their progeny, 
with location and time specificity. Chapter 1 presents an introduction and review of these 
applications. The utility of multivariate analysis of Raman cell spectra towards generating 
identification models is also discussed. The work presented in Chapter 2 demonstrates that 
Raman spectroscopy and partial least squares-discriminant analysis can be used to accurately 
discriminate between individual living or fixed mammalian cells in co-cultures. This 
methodology was then applied towards identifying the differentiation states of primary 
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hematopoietic stem cells and their progeny when seeded on biomaterial substrates of varying 
stiffnesses, as presented in Chapter 3. Chapter 4 focuses on utilizing Raman spectroscopy to 
monitor the neutrophilic differentiation of myeloid cells over time; these results show that 
biomarkers of discrete differentiation states correlated with specific spectral markers. Ultimately, 
significant research effort will be required to further optimize this methodology and address its 
various challenges, including sensitivity, reproducibility, and applicability on different platforms.  
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CHAPTER 1 
INTRODUCTION1 
 
1.1 Stem cells in tissue engineering 
Stem cells are immature cells that have the ability to differentiate into increasingly 
mature, functional cells. Stem cell differentiation is a highly complex process directed by 
transcriptional and epigenetic regulations by which new cells are generated in the body. 
Mammalian stem cells are categorized into embryonic stem cells (ESCs) and adult or somatic 
stem cells. ESCs are found in blastocysts within embryos,1 and have the potential to differentiate 
into any type of embryonic and adult cell in the body, while adult stem cells are pluripotent cells 
found in various tissues in adults that can differentiate into mature cells that are specific to its 
differentiation lineage. Recent investigations on adult stem cell locations and functions have 
revealed that these stem cells are more ubiquitous and active throughout the body than once 
thought.2 Bone marrow is one of the most important sources of stem cells in the adult body, and 
contains small populations of hematopoietic stem cells (HSCs) that give rise to the body’s full 
spectrum of blood and immune cells.3-4 The biological and clinical significance of HSCs is 
discussed in further detail in Chapter 3. The critical roles of stem cells in biological development 
and cell regeneration have prompted decades of research and clinical applications of stem cells 
towards disease treatment. Tissue engineering platforms have been developed for the goal of 
understanding the factors involved in stem cell fate decisions, and towards utilizing stem cells in 
developing, improving, and implementing tissues and organs for disease treatment.5-6  
                                                
1 Acknowledgements 
This chapter features work that originally appeared in: Ilin, Y.; Kraft, M. L. Secondary Ion Mass 
Spectrometry and Raman Spectroscopy for Tissue Engineering Applications. Curr. Opin. 
Biotechnol. 2015, 31, 108-116. 
This work has been reprinted with permission from: Current Opinions in Biotechnology 
(Copyright 2015 Elsevier B.V.). All authors contributed to writing this manuscript. 
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The microenvironment where stem cells reside in the body, also known as the stem cell 
niche, presents cellular and matrix cues that modulate whether stem cells remain quiescent, self-
renew, or selectively differentiate into any lineage found in the body.  The ability to recapitulate 
the stem cell niche within an artificial culture would enable using stem cells to expand specific 
cell types ex vivo for disease treatment.  Consequently, there is significant research interest in 
developing combinatorial biomaterial substrates that mimic the physiochemical properties of the 
extracellular matrix (ECM) within the stem cell niche. Figure 1.1 shows an example of a 
theoretical design for a multi-cell bone marrow niche mimic, featuring orthogonal gradients in 
matrix properties and niche cell concentration. This biomaterial platform can be used to screen 
the effects of these extrinsic cues, or other biochemical and mechanical properties, on a small 
number of HSCs. Similar 2D and 3D designs have been engineered and implemented to 
recapitulate the stem cell niche and improve our understanding of the underlying signaling 
mechanisms that drive stem cell fate decisions.7-10 These newly developed biomaterials 
substrates for directing stem cell fate ex vivo require analytical tools for accurately identifying 
the cell responses they elicit. Ideally, substrate composition and cell fate would be identified 
without labels and with location specificity.  
Traditional approaches to stem cell identification are numerous and varied, depending on 
the specific constituent being probed. Many standard techniques rely on flow cytometry, such as 
fluorescent-activated cell sorting, to isolate cell populations, and therefore cannot be used to 
analyze cells in situ. Stem cells have also been identified or characterized by measuring gene 
expression via quantitative real time polymerase chain reaction (qRT-PCR), but this method 
cannot be used in situ on a single-cell basis and requires cell lysis. Functional assays, which are 
the gold standard for assessing HSC identity and function, require extraction of cells from the 
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substrate surface, and are therefore also unsuitable for combinatorial cell screening platforms.11 
The chemical sensitivity of mass spectrometry allows for detection of phenotype-specific surface 
mass spectral profiles, however this technique requires fixation and the cells are destroyed by the 
analysis.12  
Fluorescence microscopy is a widely used optical technique for cell analysis and 
identification by which a fluorophore is expressed or conjugated to a cellular component of 
interest and detected by measuring its emission upon excitation. While a variety of fluorescence 
techniques have been developed to provide superior sensitivity, spatial resolution, and dynamic 
capabilities, there are a number of limitations to these techniques. Biological fluorophores are 
prone to photobleaching, can induce toxicity or other unwanted responses in cells,13 and can also 
potentially alter the cellular function of the molecule to which they attached. High-intensity 
excitation light has also been shown to induce phototoxicity in cells.14 Though photodamage 
does not always immediately manifest in live cell experiments, there may still be long-term 
effects on cellular metabolism and growth cycle.15 The choice and number of fluorophores that 
can be imaged in one sample is also limited by the number of emission channels available; 
emission signals can often overlap (spectral cross-talk), resulting in signal ambiguity.13,16 In stem 
cell research, cocktails of fluorescent antibodies to differentiation-associated cell surface 
antigens in combination with either flow cytometry or fluorescence microscopy are often used to 
determine stem cell differentiation at the population or single-cell level, respectively. A 
disadvantage to these approaches is the need for component-specific dyes or antibodies, which 
increases cost and limits their application to detecting known biomolecules. In addition, the 
subjective interpretation of single cell immunofluorescence measurements can result in 
substantial intra- and inter-user variability, especially when multiple antibodies must be 
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assessed.17 In order to address these limitations, much research has been devoted to exploring the 
utility of alternative optical techniques for single cell analysis. Raman spectroscopy is one 
potentially powerful tool to achieve this goal. 
 
1.2 Raman spectroscopy 
Raman spectroscopy is a form of vibrational spectroscopy that is used to measure the 
vibrational and rotational modes of a sample. The technique relies on the phenomenon of Raman 
scattering, or the inelastic scattering of photons from a molecular bond. By analyzing scattered 
sunlight from water molecules, physicist Sir Chandrasekhara Venkata Raman discovered and 
coined this phenomenon Raman scattering in 1928.18 In the same year, physicists Grigory 
Landsberg and Leonid Mandelstam observed this scattering effect in quartz.19 The discovery was 
valuable both to the development of quantum theory, and to the study of the vibration and 
rotation of molecules, particularly in the advent of more sensitive electronic detection methods. 
It was later determined that the rate of Raman scattering is very low, whereby 1 in 106-108 
photons are scattered with a shift in energy. Comparatively, the rate of elastic Rayleigh scattering 
is approximately 103 times greater. Figure 1.2 shows the electronic transitions involved during 
infrared absorption, Rayleigh scattering, and Raman scattering. Infrared absorption (IR) involves 
an excitation to a higher vibrational state, while scattering results in excitation to a virtual energy 
state. Rayleigh scattering features a return to ground state, with no change in energy, while 
Raman scattering features either a loss (Stokes) or gain (anti-Stokes) in energy. Thereby, the 
emitted photon is shifted in frequency by the vibrational energy of the molecule or bond. The 
probability of an anti-Stokes transition is lower than a Stokes transition due to the fact that most 
molecules exist in the ground state, depending on the temperature. Fluorescence is a different 
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phenomenon by which a molecules is excited to a higher electronic energy state, whereby a 
photon is released in the transition to ground state (not shown).  
The applications of Raman spectroscopy are extensive, ranging from analysis of chemical 
to material properties in chemical, biological, pharmaceutical, geological, mineralogical and 
semiconductor fields. In utilizing Raman spectroscopy as an analytical tool to measure the 
vibrational modes of a sample, there are a number of factors and selection rules to consider. 
Raman scattering specifically occurs when there is a change in the polarizability, or distortion of 
the electron cloud, of a molecule due to molecular vibration, while IR absorption occurs when a 
vibration gives rise to a change in the dipole moment of the molecule.20 Given these different 
selection rules, molecules that are strongly Raman active are typically weakly IR active, and 
vice-versa. In selecting the proper excitation wavelength, it is important to consider the 
relationship between the Raman cross-section σR (a measure of molecular scattering efficiency) 
and the excitation wavelength λ:21 
𝜎! ∝ 1𝜆! 
While scattering is more efficient at lower excitation wavelengths, the higher energy also elicits 
a larger fluorescence signal, which may interfere with Raman analysis. Another consideration is 
possible resonance effects that occur when the excitation wavelength matches or is close to the 
electronic transition of the molecule, resulting in an increase in signal by several orders of 
magnitude. The enhancement of Raman signal to improve chemical sensitivity has been a 
significant goal in analytical research, and may be accomplished through a variety of techniques 
such as surface or tip enhanced Raman spectroscopy (SERS, TERS), and nonlinear Raman 
techniques such as stimulated Raman spectroscopy (SRS) or coherent anti-Stokes Raman 
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spectroscopy (CARS), among others. This dissertation focuses on utilizing spontaneous, non-
enhanced Raman spectroscopy for sample characterization. 
 The common unit of frequency in Raman spectroscopy is the wave number ν (1/cm). The 
change in frequency between the incident light and the scattered light is simply determined as: 
∆𝜈 𝑐𝑚!! = 1𝜆! 𝑛𝑚 − 1𝜆! 𝑛𝑚 × 10!𝑛𝑚𝑐𝑚  
A typical Raman spectrum is a measure of the signal intensities for a spectrum of wavenumbers, 
corresponding to single or a combination of vibrational modes in the sample. The resulting 
position, width, and intensity of the Raman peaks contain information about the chemical 
composition of the sample, as well as certain crystallographic and mechanical properties.  
Raman spectroscopy offers several major advantages over other analytical techniques in 
characterizing biological materials. Within certain limits of laser irradiation wavelength, 
intensity, and time, the non-invasive nature of Raman spectroscopy allows for continuous 
monitoring of chemical composition in vitro, in vivo, or ex vivo without disturbing physiological 
properties. Raman spectroscopy is well-suited for live cell analysis because analysis can be 
performed with long wavelength light (785 nm, 633 nm) that has low phototoxicity.22 
Furthermore, water is strongly IR active but weakly Raman active and does not significantly 
interfere with relevant Raman signal, allowing for analysis of aqueous solutions and living cell 
and tissue analysis. Raman spectroscopy analysis may also be both qualitative and quantitative, 
due to the linear relationship between chemical concentration and signal intensity. Markers or 
labels are not required for Raman spectroscopy, though tagged or isotope labels may be useful 
for a variety of metabolic studies. Furthermore, the applicability of Raman spectroscopy in a 
variety of instrumental systems allows for flexibility in sample preparation and analysis, whether 
that entails micro-spectroscopic analysis in situ, in a flow cytometer, or in a microfluidic device. 
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Potential drawbacks of spontaneous Raman spectroscopy include limited sensitivity and 
selectivity, depending on the experimental conditions and the sample of interest, and diffraction-
limited spatial resolution. The theoretical lateral resolution Δdlat of a Raman microscope is 
governed by the Rayleigh criterion, and is dependent on both the laser wavelength and the 
microscope objective numerical aperture (NA), as follows: 
∆𝑑!"# = 0.61𝜆𝑁𝐴  
The theoretical depth or axial resolution Δdax is given as follows: 
∆𝑑!" = 4𝜆𝑁𝐴! 
Raman spectroscopic analyses of the composition and heterogeneity of biological tissues 
have been conducted since the 1970’s23-26 and have drastically increased in recent years as a 
result of innovations in technology and data processing, particularly in the field of clinical 
oncology.27 Simultaneously, Raman spectroscopy of microbial and mammalian cells has 
progressed from bulk, univariate analyses of cell colonies to complex, multivariate 
characterization and imaging of individual cells. Specifically, Raman spectroscopy has been used 
to study cellular metabolism, proliferation, differentiation, and cell-lineage specific 
composition.28-29 Considering the potential research and clinical applications of Raman 
spectroscopy as an optical, non-invasive, marker-free, and quantitative identification method, 
resolving the discriminatory sensitivity and specificity of Raman spectroscopy has also been a 
substantial research endeavor. Raman spectroscopy of individual living or fixed cells yields a 
spectral “fingerprint” of the nucleic acids, proteins, lipids, and carbohydrates in the cell, which 
may be indicative of the cell type, viability, differentiation stage, cell cycle stage, or metabolism. 
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1.3 Identifying stem cell fate decisions using Raman spectroscopy  
As an alternative or complementary approach to stem cell identification, Raman 
spectroscopy has been used to analyze and identify the differentiation stages of stem cells and 
their derivatives (Table 1.1). Many studies have utilized surface enhanced and nonlinear Raman 
spectroscopy, such as SRS and CARS, to analyze and image cells with increased resolution and 
chemical sensitivity. While Raman spectroscopy-based label-free approaches to high throughput 
sorting of single stem cells have been developed using macro-sampling optical platforms or line-
scanning, 30-31 this dissertation focuses on microscopy-based Raman spectroscopic approaches 
that enable location-specific cell identification. 
Information about key biochemical markers of differentiation has been acquired by 
processing Raman spectra with relatively simple univariate or bivariate approaches that monitor 
the intensities of a small number of peaks that are distinctive of a cell population. For example, 
in Raman spectroscopy studies of ESC differentiation, undifferentiated cells were found to have 
high ratios of nucleic acid to protein peak intensities, enabling discrimination of ESCs and their 
mature progeny (Figure 1.3a). 22,32-35 The measurement of DNA-related peaks has also been used 
to assess cell cycle stage, which is another important indicator of stem cell fate, thereby 
eliminating the need for invasive proliferation assays (Figure 1.3b).36-37 The differentiation of 
mesenchymal stem cells (MSCs) into various connective tissue cells also results in the 
appearance of phenotypic markers that can be detected by their characteristic Raman peaks.38-41 
Osteogenic differentiation and mineral deposition can be monitored according to the appearance 
of a hydroxyapatite peak (PO43-, 950-970 cm-1) or other mineralized matrix peaks. Furthermore, 
differences in the positions and shapes of the hydroxyapatite peaks are indicative of subtle 
changes in mineral crystallinity over time.39 Similarly, adipose-derived stem cells produce 
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Raman-active lipid droplets and ECM components (e.g. collagen) upon adipo- and osteo-induced 
differentiation, respectively.42  
A univariate or bivariate approach cannot be used to assess stem cell fate if the change in 
cell phenotype is not accompanied by a change in the abundance of one or two cellular 
components (e.g., bone minerals or lipid) that have distinctive Raman signatures.  In this case, 
multivariate analysis (MVA) is used to identify combinations of multiple spectral features that 
are characteristic of a single cell population. MVA of Raman spectra may reveal biochemical 
changes during differentiation or between closely-related stem cells.43 Principal component 
analysis (PCA) and linear discriminant analysis (LDA), a technique for identifying linear 
combinations of features that discriminate sample classes, of Raman spectra have enabled 
accurately classifying human ESCs and their cardiac derivatives based on the variance in 
combinations of peaks common to multiple cell lines (Figure 1.3c,d).44-45 Similar techniques 
have been used to monitor the differentiation status of neural stem cells, alveolar epithelial type 
II cells, and foetal osteoblasts, and to identify abnormal ESCs and MSCs in culture.46-49 MVA of 
MSC spectra has also been used to extract spectral features that improve the accuracy of cell 
classification over using phenotypic markers (i.e., lipid droplets or minerals) alone, and for 
comparison of closely related MSCs from different age groups.50-52 Notably, the accuracy of 
identification and sensitivity to early stages of differentiation depends on the subcellular location 
from which the spectra are acquired (cytosol vs. nucleus). In addition, CARS enabled high-
resolution localization of MSC functional markers to their respective subcellular organelles.50 
The concentrations of biomolecules within the nucleoli of fibroblasts and induced pluripotent 
stem cells have been estimated by biomolecular component analysis (BCA) of Raman spectra;53 
such quantitation is seldom achieved with other MVA techniques.  
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While there has been significant progress in characterizing stem cells and their progeny 
with Raman spectroscopy, much of this research involved analyzing cells on traditional culture 
substrates or relatively Raman-inactive substrates (CaF2, fused silica, gold or silver mirrors, etc.) 
and not complex engineered tissue scaffolds. The choice of the coating on the substrate 
significantly influences cell physiology and, consequently, the cell’s Raman spectroscopic 
signal; therefore, the substrate coating should be carefully considered.54 A major concern in 
obtaining and analyzing spectra of cells seeded on complex substrates is that Raman scattering 
from the substrate can overwhelm the weaker signal from the cell. This is especially problematic 
for screening stem cell response in microscale culture platforms via Raman spectroscopy because 
variations in the matrix properties that affect stem cell differentiation, such as thickness, 
stiffness, and porosity, may present with different background signal and decrease the accuracy 
of stem cell identification. Complete and precise subtraction of background signals without 
interfering with cellular signatures is challenging, and may require additional MVA to extract 
relevant cell information without background interference.  Optimal experimental conditions for 
reducing the background signal in tissue samples have been evaluated and may be applied to 
analyzing individual cells on tissue engineering substrates.55 Spectral acquisition using a 785 nm 
laser, which is popular for cell analysis because it minimizes photodamage, with a water 
immersion objective yields spectra with the lowest background fluorescence signal, with a time-
dependent reduction in background signal due to photobleaching.55 
Many studies have focused on characterizing and imaging tissue, including bone, 
epithelial, muscular, nervous, lung, skin, and breast tissue.56 Recent work has demonstrated the 
potential for analyzing single cells within complex, heterogeneous tissue with Raman 
spectroscopy. As described in Chapter 2, we have identified the lineages of individual cells from 
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four mature cell types seeded in cocultures using partial least squares discriminant analysis 
(PLS-DA) models constructed from Raman spectra of cells in separate monocultures.57 PLS-DA 
model construction using spectra from separate cultures helps ensure that the cell identifications 
were not biased by spectral contributions from the substrate, medium, or surrounding cells.  
Others have demonstrated the feasibility of identifying cell phenotypes in more complex 
environments. For example, murine hair follicle stem cells have been identified and 
characterized within mouse hair tissue by LDA of their Raman spectra.58 Notable progress has 
been made in utilizing Raman spectroscopy to analyze mature and progenitor cells in artificial 
tissues in order to track cellular growth, material production, and interaction with the ECM 
(Figure 1.3e).59-64 However, the sensitivity of Raman spectroscopy in detecting changes in stem 
cell fate decisions within tissue scaffolds on the single cell level remains to be determined. The 
work described in the subsequent chapters begins to explore this issue. 
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1.4 Figures and Tables  
 
Figure 1.1. Concept for a combinatorial biomaterial substrate to screen the effects of extrinsic 
cues on hematopoietic stem cell response. Design and image created by the Harley lab at the 
University of Illinois at Urbana-Champaign. 
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Figure 1.2. Jablonski diagram of infrared absorption, Rayleigh scattering, and Raman scattering. 
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Figure 1.3. Applications of Raman spectroscopy in identifying and visualizing stem cells. (a) 
Average Raman spectra of differentiated and undifferentiated ESCs (top) and classification of 
cells based on DNA/protein peak ratios and PCA (bottom). Adapted with permission from ref 22 
(Copyright 2010 American Chemical Society). (b) Determination of cell cycle in ESCs based on 
DNA (783 cm-1) peak intensity. Reprinted with permission from ref 36 (Copyright 2013 
American Chemical Society). (c) PCA was used to monitor cardiac differentiation of ESCs using 
CARS, specifically of beating and non-beating embryoid bodies. PC1, top, was used to map 
differentiation in single cells, bottom.  Reprinted with permission from ref 45 (Copyright 2013 
Elsevier). (d) Cardiac differentiation of ESCs was also monitored by PCA of spontaneous 
confocal Raman spectroscopy (difference spectra on left). Reprinted with permission from ref 44 
(Copyright 2009 American Chemical Society). (e) Integration of smooth muscle cells, visualized 
using CARS (orange), in artificial compact (i,ii) and porous (iii,iv) cellulose scaffolds, visualized 
using SHG (blue). Images were taken at different focal depths, with a close-up in (iv) from white 
box in (v) showing individual cellulose fibers. Adapted with permission from ref 59 (Copyright 
2011 Society of Photo-Optical Instrumentation Engineers).  
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Table 1.1. Reported analysis and identification of stem cells using Raman spectroscopy. 
Year First author Instrumentation Stem cell type analyzed Analytical techniques Ref 
2004 Notingher RS murine ESC PCA, HCA [32] 
2004 Notingher RS murine ESC UniV [33] 
2005 Notingher RS murine ESCs, foetal human bone cell CLS fitting [43] 
2007 Konorov CARS murine ESC UniV [35] 
2008 Jell RS human foetal osteoblast PCA, LS fitting [49] 
2008 Kim RS rhesus monkey MSC PCA [51] 
2008 Swain RS primary human alveolar type II cell PCA, LS fitting [47] 
2009 Chan RS human ESC PCA-LDA [44] 
2009 Chiang RS human MSC UniV [40] 
2010 Schulze RS human ESC UniV, PCA [24] 
2011 Downes RS 
human ESC, murine 
blastocyst, human MSC, 
human ADSC 
UniV [34] 
2011 McManus RS human MSC UniV, PCA [39] 
2012 Brackmann CARS, SHG* murine osteoprogenitor cell UniV [61] 
2012 Ghita RS murine neural stem cell UniV, PCA, LDA [46] 
2012 Mortati CARS, SHG* human MSC UniV [63] 
2012 Mouras CARS, TPEF, SHG human ADSC UniV [42] 
2013 Hung RS primary human mesenchymal stromal cell UniV [38] 
2013 Pascut RS human ESC PCA [45] 
2013 Pliss RS 
induced pluripotent stem 
cell (iPSC) from human 
dermal fibroblasts 
BCA, LCSM [53] 
2014 Lee BCARS human MSC UniV, PCA [50] 
2014 Tsai RS murine hair follicle stem cell PC-LDA [58] 
2015 Su RS umbilical human MSC BCA [52] 
2016 Gao RS human MSC UniV [41] 
Legend 
RS – Raman spectroscopy (confocal) 
(B)CARS – (broadband) coherent anti-stokes 
Raman 
SHG – second harmonic generation imaging 
TPEF – two-photon-excited fluorescence 
ESC – embryonic stem cell 
MSC – mesenchymal stem cell 
ADSC – adipose-derived stem cell 
* Imaging of surrounding matrix 
 
PCA – principal component analysis 
HCA – hierarchal cluster analysis 
UniV – univariate (includes bivariate) 
LS – least squares, CLS – classical least squares 
LDA – linear discriminant analysis 
BCA - biomolecular component analysis 
LCSM - linear combination spectral modeling 
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CHAPTER 2  
IDENTIFYING THE LINEAGES OF INDIVIDUAL CELLS IN COCULTURES BY 
MULTIVARIATE ANALYSIS OF RAMAN SPECTRA2 
 
2.1 Introduction 
As discussed in Chapter 1, the ability to direct stem cells in artificial cultures to 
differentiate into each cell type that is found in the body would enable scientists to expand 
desired cell populations for the treatment of disease. To achieve this goal, the combinations of 
cellular and matrix cues that direct stem cells to self-renew or differentiate into specific cell lineages 
must be identified.1 High-throughput microculture platforms have been developed to concurrently 
screen hundreds of combinations of cues while using a minimal number of rare stem cells2-3; such 
platforms require analytical tools to identify the differentiation state of each cell with location 
specificity. The limitations and disadvantages of various analytical techniques typically used to 
identify stem cell differentiation states were presented in Chapter 1.  
Recently, Raman spectroscopy has been utilized as a rapid, noninvasive, and label-free 
method to analyze,4-5 classify,6-9 and image10-13 live and fixed cells with location specificity. The 
Raman spectra acquired from cells reveal information about the biomolecular constituents, 
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namely the proteins, nucleic acids, lipids, and carbohydrates on and within the cell. Each cell has 
a unique spectral fingerprint that can be exploited to identify cell phenotype, including lineage, 
differentiation stage, and proliferative properties.6,8,14-19 Combinations of Raman spectral 
features that correspond to proteins and nucleic acids have been used to detect stem cell 
differentiation in monoculture.6,8,16,18,20  
Identifying the phenotypes of individual, living cells using Raman spectra is complicated 
by the low signal intensity that results from the weak nature of Raman scattering,4,21 and the 
presence of peaks from the culture medium, substrate, and extracellular products in the spectra.22 
The interpretation of spontaneous Raman spectra is facilitated by multivariate analysis 
techniques that identify combinations of multiple peaks that differ between samples.  
Multivariate analysis of Raman spectra has enabled classifying cells according to their 
differentiation stage.6,16,18-19,23 Unknown cells have also been identified by applying supervised 
multivariate classification models, which were constructed using calibration spectra from cells of 
known lineage, to the Raman spectra from the unknown cells.23 Supervised multivariate analysis 
methods that minimize user-related variability by using a calculated classification threshold to 
objectively identify each sample could greatly improve the reproducibility of assessing cell 
response in microscale screening platforms. One such approach, partial least-squares 
discriminant analysis (PLS-DA), is especially promising for single cell identification because it 
emphasizes the spectral features that vary between cell populations, and not the intra-population 
spectral variance that may arise from cell cycle status for cell identification.  However, the 
accuracy of identifying cell lineage or phenotype using PLS-DA models of calibration spectra is 
compromised by intra-population spectral variance between the cells in the calibration and test 
sets.24 Live cell analysis is especially challenging because stress-induced changes in cell 
  
 
24 
morphology and biochemistry may differ between the calibration and test sets, producing intra-
population spectral variance that reduces the accuracy of identifying cell lineage.  Moreover, 
even subtle spectral variations related to differences between the culture environments (i.e., 
compositions of the media, substrates, and extracellular products) for the experimental and 
calibration cells must be minimized.  While the media and substrates in two sample sets can be 
matched, the presence of multiple different types of cells within the experimental culture and 
only a single cell type in the calibration culture may produce variations in the environment that 
cannot be controlled. Whether such variations compromise the accuracy of objectively 
identifying cell phenotype using multivariate models of calibration spectra needs to be 
addressed. 
Here we have assessed whether cells in cultures containing multiple cell lines can be 
accurately identified using multivariate models of spectra from cells in a culture containing a 
single cell type (monoculture). We focused on identifying fully differentiated cells instead of 
stem cells from animal sources to avoid sacrificing animals and to ensure that the lineages of the 
cells did not change during the course of this study, which would compromise our ability to 
assess the accuracy of cell identification. We selected four lines of fully differentiated cells: 
MDCK (Madin-Darby canine kidney cells), CHO (Chinese hamster ovary cells), NIH 3T3 
(mouse fibroblasts), and Clone 15 (transfected NIH 3T3 mouse fibroblasts that stably expresses 
the influenza hemagglutinin membrane protein). The MDCK and CHO cell lines were selected 
because their dissimilar morphologies enabled visually discriminating between the two cell types 
when cocultured on the same substrate. Because cell morphology may affect the relative 
contributions of the nucleus and cytoplasm to the Raman spectrum,19,22 we used NIH 3T3 and 
Clone 15 cells, which are morphologically similar to MDCK cells, to assess whether 
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identification was contingent on differing morphology. We also chose these two mouse 
fibroblast cell lines because they only differ in the expression of the hemagglutinin membrane 
protein by the Clone 15 cells, but not the parent NIH 3T3 line. This allowed evaluation of 
whether cells from biochemically similar populations could be accurately identified, which is 
especially important because the differences between stem and early progenitor populations are 
likely very subtle. The supervised multivariate analysis technique, PLS-DA, was used to 
objectively identify the lineage of individual test cells. First, we analyzed individual, chemically 
fixed cells in order to confirm that PLS-DA of Raman spectra could identify cell lineage 
according to differences in their biochemistries, and not contamination from culture media. Then 
we show that individual, living MDCK, CHO, NIH 3T3, and Clone 15 cells grown on separate 
substrates that were placed in the same dish, and thus, immersed in the same culture medium 
(quasi-coculture) could be accurately identified with a PLS-DA model of Raman spectra from 
cells in monocultures.  Finally, we show that individual, living MDCK and CHO cells that were 
cocultured on the same substrate could be identified with low prediction error by a PLS-DA 
model of Raman spectra from cells in monocultures.  We also determined classification of cells 
by PLS-DA was not affected by differences in laser acquisition volume or by reduction in 
baseline intensity due to photobleaching. This work indicates differences in cell morphology and 
extracellular products that potentially contribute to the Raman spectra have a minimal effect on 
cell identification. Instead, cell identification is mainly based on cell line-specific biochemistries, 
and even cells with very similar biochemistries can be accurately identified. Thus, PLS-DA of 
Raman cell spectra may enable the objective, location-specific, and accurate single cell 
identification that is desired for identifying cell fate decisions in microscale screening platforms.   
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2.2.Materials and Methods 
Cell culture 
MDCK and CHO (subtype: CHO-K1) cells were each cultured in separate 15 cm culture 
dishes with RPMI medium, 10% fetal bovine serum (FBS), and 1% penicillin-streptomycin (P/S) 
in a 5% CO2 incubator at 37 °C. The Clone 15 cells (NIH 3T3 mouse fibroblasts that stably 
expresses influenza hemagglutinin) were the generous gift from Joshua Zimmerberg (Eunice 
Kennedy Shriver National Institute of Child Health and Human Development, National Institutes 
of Health, Bethesda, MD). NIH 3T3 and Clone 15 cells were cultured with Dulbecco's Modified 
Eagle Medium (DMEM), 10% calf serum (CS), and 1% P/S in a 5% CO2 incubator at 37 °C.  
Raman microspectroscopy 
Cells were seeded for 24 h on sterile 12.7 mm diameter protected gold mirrors (Thor 
Labs, Inc., Newton, NJ) and maintained in their respective media. These substrates were chosen 
for their high reflectivity, which improves both spectral and image resolution.  To prepare the 
monocultures, MDCK, CHO, NIH 3T3, and Clone 15 cells were seeded onto separate gold-
mirror substrates in separate 12.7 mm polystyrene tissue culture dishes (Falcon). To prepare the 
cocultures, MDCK and CHO cells were seeded at approximately equal density on the same gold-
mirror substrate. NIH 3T3 and Clone 15 cells were excluded from the coculture due to their 
similarity in morphology to MDCK cells, which prevented establishing each cell type by visual 
inspection. “Quasi” cocultures consisted of MDCK, CHO, NIH 3T3, and Clone 15 cells that 
were each seeded onto separate gold-mirror substrates and then placed in the same culture dish 
so that they shared the same media.  For fixed-cell experiments, cells on gold-mirror substrates 
were chemically fixed in 2% paraformaldehyde and 0.05% glutaraldehyde (Electron Microscopy 
Sciences) diluted in 0.2 M Hendry’s phosphate buffer (HPB) for 30 min. Cells were 
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subsequently rinsed with 0.1 M HPB and water, and air-dried for at least 4 h prior to acquiring 
Raman spectra. For live cell analysis, the cells were rinsed with phosphate-buffered saline (PBS), 
and the culture media was replaced with phenol red-free DMEM and 0.25 mM HEPES buffer to 
minimize fluorescent interference and maintain cell viability during spectral acquisition. 
The substrates were contained in 12.7 mm culture dishes during Raman analysis. Spectra 
were obtained with a Raman confocal microscope (Horiba LabRAM HR 3D confocal Raman 
imaging system) at room temperature using a Leica 50x, NA 0.50, objective with a working 
distance of 10.6 mm for fixed-cell experiments, and an Olympus 60x, NA 1.0 water-dipping 
objective with a working distance of 2 mm that was immersed directly into the cell imaging 
media for live cell experiments. A 350 mW and 785 nm laser was used to focus on a spot that 
was 10 to 15 µm in diameter on each cell; adjacent non-cellular material and neighboring cells 
were excluded from the focal area.  The pinhole size was set to 500 µm, the slit size to 100 µm, 
and the grating to 300 grooves/mm. Raman scattering was measured for the fingerprint region 
from 600 to 1750 cm-1 for 60 s per cell (n = 15 - 25 cells). No changes in cell spectra or 
morphology were observed during Raman imaging. The resulting cell spectra featured sloping 
baselines and background noise. 
For Duoscan and photobleaching experiments, MDCK and NIH 3T3 cells were cultured, 
seeded on gold mirror substrates, and fixed as described above. A 785 nm laser was used to 
acquire cell spectra from fixed MDCK and NIH 3T3 cells through a 100x, NA 0.80 objective 
over a 15 s acquisition time. After a 30 s period of photobleaching, spectra were acquired from 
both a central single point and scanned over a central 6 µm diameter area in each cell. The latter 
spectra were acquired using the Duoscan feature of the Horiba LabRAM HR microscope, which 
uses two scanning mirrors to raster scan the laser beam over the defined area of the sample, 
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thereby scanning over one large pixel. The time required to scan the ~28 µm2 diameter area was 
0.03 seconds, and the total acquisition time was 15 s. Because of the thin, elongated morphology 
of the cells, the diameter was restricted to 6 µm in order to avoid scanning over the adjacent 
substrate. Model and test spectra were acquired from separate substrates. The laser was raster-
scanned over a central 6 µm diameter area of each cell using the Duoscan feature over a total 
acquisition time of 15 s. The same samples and conditions were used for photobleaching 
experiments, ensuring that no cell was sampled more than once. Spectra were acquired from a 
central single point on each cell. The first spectrum of each cell was acquired with no initial 
photobleach time, and the second spectrum was acquired after a total photobleach time of 30 s. It 
should be noted that some degree of photobleaching still occurred within the 15 s timeframe 
during the first spectral acquisition, which cannot be avoided. 
Data analysis 
Spectral preprocessing was performed using LabSpec 5 (Horiba Scientific) and the PLS 
Toolbox (v.6.7.1, Eigenvector Research, Manson, WA) run in MATLAB (7.14.0.739, R2012a, 
MathWorks Inc., Natick, MA) prior to multivariate analysis.  Raman spectra were individually 
examined for cosmic spikes or inconsistent peaks, which were removed manually. Spectra were 
aligned using either offset alignment (slack = 3) to a randomly assigned cell spectrum to account 
for instrumental error. The spectral range was then reduced to 621 to 1730 cm-1 to remove the 
asymptotic behavior at the outer limits of the spectra that were present after variable alignment. 
For each fixed cell spectrum, the first derivative was obtained, followed by Savtisky-Golay 
smoothing (1st order polynomial, 15 or 23 points). Each spectrum was normalized to the 
phenylalanine peak at 1005 cm-1 and autoscaled to the data set.  For each live cell spectrum, the 
second derivative was obtained, followed by Savtisky-Golay smoothing (1st order polynomial, 27 
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or 31 points), normalization to the phenylalanine peak at 1005 cm-1, and autoscaling to the data 
set. We did not integrate the derivative spectra from either the fixed or living cells to avoid 
distorting the peaks. For photobleaching and Duoscan experiments, spectra were aligned to the 
Phe 1005 cm-1 peak, derivatized and smoothed using a Savitzky-Golay filter (2nd order 
derivative, 2nd order polynomial, 21 point filter width), normalized to the 1450 cm-1 peak, and 
mean-centered.  
PLS-DA was performed on the peaks from 621 to 1730 cm-1 in the preprocessed spectra 
using the PLS Toolbox run in MATLAB. PLS-DA has been described in prior publications.25-26 
Briefly, PLS-DA employs partial least squares regression to develop a model that relates the 
Raman features in the calibration spectra to a matrix of dummy variables that indicate the class 
(i.e., cell line) that each calibration spectrum belongs to.25 The regression analysis involves 
determining the eigenvectors with the highest eigenvalues for the following matrix: 
λnwn = XTYYTXwn 
where λn is the eigenvalue for nth eigenvector, wn is the nth eigenvector (also called the weights), 
X is the matrix of Raman spectra for all samples, XT is the transpose of matrix X, Y is the matrix 
of variables that indicate whether the sample is in a class (0 or 1 indicating in or not in the 
specified class, respectively), and YT is the transpose of matrix Y. PLS-DA then applies this 
model to each test spectrum to calculate a numerical value for each class. If the value calculated 
for a particular class exceeds the threshold estimated using a Bayesian approach for that class, 
the sample is identified as belonging to that class. 
All PLS-DA models were constructed using spectra acquired from cells in monocultures 
and were applied to spectra from test cells within separate monocultures that were not used for 
PLS-DA model construction, quasi cocultures, and cocultures of two different cell lines. The 
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minimum number of latent variables, which are the linear combinations of Raman spectral 
features that are most useful for identifying cell type, required to capture at least 70% of the 
variance in the test spectra were retained in each two-cell-type (co-culture) model. We 
experimentally found that a greater number of latent variables were required to capture the 
between-group variations necessary for accurate identification when the number of cell types in 
the model increased. Thus, the number of latent variables required to capture at least 82% of the 
variance in the test spectra were retained in each four-cell-type model. Identification plots were 
used to show the class assignments.  During model construction, samples that exhibited unusual 
spectral variance, as evidence by Q residual statistics greater than the 95% confidence limit, were 
removed from the calibration set and omitted from further analysis.   
 
2.3 Results  
Raman microscopy  
The methodology for analyzing individual fixed and living cells using Raman 
microspectroscopy and multivariate analysis was developed and optimized before implementing 
Raman spectroscopy towards single cell identification. Briefly, a 785 nm laser wavelength was 
chosen for cell spectral acquisition after comparing the spectral profiles of fixed MDCK, NIH 
3T3, and CHO cells using 532, 633, 785, and 830 nm lasers. Cell spectra obtained using the 785 
nm exhibited the highest ratio of relevant cell signal to background signal from cell 
autofluorescence or background. In addition, selection of the 785 nm laser was based on reports 
of low or negligible photodamage sustained by illuminated living cells; irradiation of living or 
fixed cell samples with the 785 nm laser at laser powers of 10-350 mW for 10-60 s did not result 
in any visible damage. Other instrument parameters that were tested for single cell acquisition 
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included pinhole aperture and slit diameters, which influences both spatial and spectral 
resolution. A pinhole and slit size of 500 and 100 nm, respectively, were ultimately chosen to 
balance the spectral resolution and signal intensity. Maximizing lateral spatial resolution for 
spectral imaging was not a priority of this work, though instrument confocal parameters can also 
affect axial spatial resolution, and therefore influence the level of background signal. A 300 
groove/mm grating was chosen over higher groove densities to avoid long acquisition times. A 
50x, NA 0.50 objective (working distance 10.6 mm) was selected for fixed cell spectral 
acquisition. To improve the image and spectral resolution in acquiring Raman spectra of living 
cells in media, a 60x, NA 1.0 water-dipping objective (working distance of 2 mm) was ordered 
and used for all live cell experiments. This objective can be dipped directly into cell media in a 
culture dish without a coverslip, and also minimizes spherical aberration and light scattering by 
avoiding a mismatch in refractive indices between the air and water interface. The 532 nm laser 
was used for spectral acquisition where a resonant effect was desired, though all spectra 
presented in this chapter were acquired using the 785 nm laser. Raman spectra were acquired for 
several substrate materials, including glass, polystyrene, MirrIR slides, CaF2, and glass-coated 
gold mirrors (Thorlabs). The gold mirrors were selected for all subsequent experiments due to 
their high reflectivity, and therefore low Raman signal, as well as their suitability for cell culture 
due to the glass surface. The effect of sample photobleaching, and the use of area scanning vs. 
single point acquisition on cell spectra and classification accuracy are discussed below. 
For results displayed in Figures 2.1-2.5, a single spectrum was collected from the center 
of each cell using 60 s of exposure from a 785 nm, 350 mW laser to generate Raman scattering. 
No visual changes in the morphologies of living cells or the spectra of either live or fixed cells 
were observed, suggesting the analysis did not perturb the living cells or induce detectable 
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photodamage. Figure 2.1a shows the average baseline-corrected and normalized spectra from 
living MDCK, CHO, NIH 3T3, and Clone 15 cells. The small standard deviations for each 
average spectrum demonstrate that the cell biochemistries detected with Raman spectroscopy 
were very reproducible despite cell stress potentially induced by exposure of the culture dish to 
ambient conditions during analysis.  With the exceptions of the slight shifts in peak position 
caused by fixation and the absence of a peak at 1046 cm-1 from the medium, as confirmed from 
background spectra,27  the spectra of the fixed cells (not shown) were very similar to those of 
living cells from the same line.   
Peaks from nucleic acids, proteins, lipids, and carbohydrates were present in the average 
spectra of living cells (Table A.1). The most prominent peaks include those corresponding to 
amide I vibration (1659 cm-1),28 protein and lipid C-H deformation (1449 cm-1),28 symmetrical 
ring-breathing modes from phenylalanine (Phe) (1005 cm-1),28 C-C/C-N stretch (1258 cm-1),28 
and C-H deformation and stretching from adenine (A) and guanine (G) (1336 cm-1).29 The left 
side of the spectra is dominated by smaller, albeit distinct peaks from nucleic acids, such as 
uracil (U), cytosine (C), and thymine (T) ring-breathing modes (783 cm-1), and proteins, such as 
the ring breathing mode from tyrosine (Tyr) (853 cm-1) and the C-C twist mode from Tyr and 
Phe (645 and 623 cm-1 respectively).28 Many peaks include a combination of signals from 
different vibrational modes, such as the peak at 828 cm-1 associated with both O-P-O stretch 
vibration and the ring breathing mode from Tyr.28  
The similarities between the spectra shown in Figure 2.1a and the lack of spectral bands 
that are unique to a single cell line make identifying cell lineage by visual inspection of the 
Raman spectra very difficult. In addition, some peaks may be artifacts of the weighted least-
squares baseline correction, which tended to introduce additional variance that compromised 
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accurately identifying cell lineage (data not shown). To avoid this possibility and to emphasize 
high-frequency features, we instead corrected the baseline signals by using a Savitzky-Golay 
algorithm to take the second derivative of each spectrum while smoothing the data to reduce the 
spectral noise, but not the important signals. Figure 2.1b shows the average smoothed second 
derivative spectra from the four cell lines. The spectra were also autoscaled, which involves 
mean-centering, followed by scaling each variable so its standard deviation equals unity. 
Although autoscaled spectra are visually difficult to interpret, and thus are not shown, we found 
that autoscaling enabled more accurate identification of cell lineage than no scaling or other 
common scaling approaches (i.e., mean centering). These pre-processing steps produced the 
most accurate identification of cell lineage by PLS-DA, as described in the next section. 
The lineages of fixed cells can be accurately identified by PLS-DA of Raman spectra 
We first studied chemically fixed cells in order to assess the feasibility of objectively 
identifying cell lineage in the absence of complications caused by scattering or interference from 
the media. A PLS-DA model was constructed using calibration spectra from 13, 16, 14, and 15 
chemically fixed MDCK, CHO, NIH 3T3, and Clone 15 cells, respectively, in monocultures.  
The resulting model consisted of 9 latent variables that captured 83.4% of the variation in the 
calibration spectra. This model was then validated by using it to identify the lineage of a test set 
of fixed cells (16, 16, 19, and 14 MDCK, CHO, NIH 3T3, and Clone 15 cells, respectively) that 
were in different monocultures than the calibration cells. Cells with identification values that 
exceed the classification threshold estimated by the PLS-DA model for the MDCK, CHO, NIH 
3T3, or Clone 15 cell lines (red dashed lines, Figure 2.2a-d) were identified as members of that 
cell line.  The lineages of both the calibration and test cells were identified with high sensitivity, 
which is the fraction of cells that were correctly identified as the specified lineage, and high 
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specificity, defined as the fraction of cells correctly identified as not from the specified lineage 
(Table 2.1). For the MDCK, CHO, NIH 3T3, and Clone 15 cells, the average of the false positive 
and false negative rates, which is called the class error of identification, was 4%, 1%, 3%, and 
0%, respectively, for the calibration set, and 10%, 2%, 7%, and 7%, respectively, for the test set 
(Table 2.1).  Thus, the errors of identifying the morphologically similar MDCK, NIH 3T3, and 
Clone 15 cells in the calibration and test sets were only slightly higher than those obtained for 
the morphologically distinct CHO cells in the calibration and test sets. This suggests that 
between-group spectral variations resulting from differences in cell morphology had little to no 
effect on the accuracy of identifying cell lineage by PLS-DA of Raman spectra. In addition, the 
ability to accurately identify and distinguish NIH 3T3 and Clone 15 cells, which differ only in 
hemagglutinin expression, demonstrates the feasibility of identifying cells with very similar 
biochemistries. 
Next we investigated whether the accurate identification of cell lineage was due to 
spectral variation related to contributions from culture-specific contaminants, such as 
extracellular products or serum components adsorbed to the cells or extracellular matrix proteins 
beneath them. The calibration spectra from chemically fixed MDCK and CHO cells (n = 17 and 
16, respectively) in monocultures were used to construct a PLS-DA model with 2 latent variables 
that captured 80.5% of the calibration spectral variation. This model was applied to a test set of 
fixed MDCK and CHO cells (n = 15 and 17, respectively) that were cocultured on the same 
substrate, and thus, were exposed to the same culture environment. The lineage of each cell in 
this coculture was verified by visual assessment of cell morphology. The cell morphologies, 
density, and their proximities to one another in the fixed coculture were similar to those in the 
live cell coculture shown in Figure 2.4a. The lineages of the MDCK and CHO cells in both the 
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monocultures and cocultures were identified with high sensitivity and high selectivity, and low 
error (3%, 3%, 7%, and 7% for the calibration MDCK cells, calibration CHO cells, test MDCK 
cells, and test CHO cells, respectively).   
The comparable errors of identifying the lineages of fixed cells in monocultures and 
cocultures implies that lineage identification was not based on variations in the cell spectra that 
were related to lineage-specific components in the culture environment, such as extracellular 
products. To further confirm that the identifications made were based on differences in the 
compositions of the cells, and not the culture environment, we examined the variable importance 
in projection (VIP) plots of the MDCK and CHO calibration data (Figure 2.5a). The peaks with 
variance that is important for discriminating the MDCK cells from the CHO cells have VIP 
scores greater than unity;30-31 these peaks are concentrated in the high wavenumber region. The 
three peaks with the highest VIP scores are associated with DNA bases (G and A, 1575 cm-1; 
deoxyribose, 897 cm-1)28,29 and lipids (CH2 twist, 1301 cm-1).28 Because lipids and DNA are 
biomolecules that are more concentrated in the cells than in the medium, and these peaks were 
absent in the background spectra, this further confirms that the identifications were based on 
cell-specific biochemical composition.   
Objective identification of the lineages of individual, living cells  
We expected the spectra of the living cells would have higher variability than that of the 
fixed cells because the media can induce scattering that decreases the signal-to-noise ratio, and 
produce peaks that overlap with cell-related spectral features. However, the spectra acquired 
from living cells typically had slightly higher signal-to-noise and reproducibility than the fixed 
cell spectra. This inverse trend likely resulted from a difference in the performance of the 
objectives used to image the live and fixed cells.  
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We first confirmed that living MDCK, CHO, NIH 3T3, and Clone 15 cells could also be 
identified according to their distinct biochemistries, and not spectral variation related to lineage-
specific components in the media.  Because the chemical fixation induces slight shifts in peak 
position, the PLS-DA model constructed using the spectra of fixed cells could not be applied to 
spectra from living cells.  We constructed a PLS-DA model with 7 latent variables that captured 
83.9% of the variance in the calibration spectra from living MDCK, CHO, NIH 3T3, and Clone 
15 cells (21, 20, 20, and 20, respectively) in monocultures. This model was applied to test 
spectra that were collected from living MDCK, CHO, NIH 3T3, and Clone 15 cells (21, 18, 20, 
and 22, respectively) that had been seeded on separate substrates and then quasi cocultured in the 
same dish so that they shared the same medium. Identification plots (Figure 2.3) show that the 
lineages of the calibration cells in the monocultures were re-identified with high sensitivity, high 
specificity, and low identification error (≤ 1% for all cell lines, Table 2.1). Likewise, the lineages 
of the live MDCK, CHO, NIH 3T3, and Clone 15 cells in the test set were also identified with 
high sensitivity, high selectivity, and low error (3%, 8%, 8%, and 7%, respectively) (Figure 2.3 
and Table 2.1). These identification errors were comparable to those obtained for the studies of 
fixed cells in quasi cocultures, which suggests that the medium did not affect live cell 
identification. Consistent with this hypothesis, removal of the prominent peak from the culture 
media (1046 cm-1)27 from the calibration and test spectra had a negligible effect on the errors of 
identifying the living MDCK, CHO, and NIH 3T3 cells in the quasi coculture (2, 11, 10, and 6%, 
respectively).  
Next, we used a PLS-DA model with 3 latent variables that captured 75.0% of the 
variance in the calibration spectra from live MDCK and CHO cells (24 and 26, respectively) to 
identify the lineages of living MDCK and CHO cells in a coculture (25 and 26, respectively). 
  
 
37 
The lineage of each cell in this coculture was verified by visual assessment of cell morphology, 
and is indicated on the optical images that show the three coculture areas where cells were 
analyzed (Figure 2.4a). We analyzed test cells that varied in proximity to neighboring cells in 
order to assess whether identification accuracy was compromised by high cell density in the 
coculture; several of the analyzed cells were directly adjacent to cells of the same or different 
lineage, while others were over ~100 µm away from their nearest neighboring cell. Figure 2.4b 
shows the identifications for each cell using the PLS-DA model, and Table 2.1 lists the 
sensitivity, specificity, and error of identifying each cell line. The lineages of the calibration cells 
were re-identified with zero error, and the lineages of both types of test cells were identified with 
an error of 4% (both MDCK and CHO). The two cells that were incorrectly identified using the 
PLS-DA model were located in areas of low cell density in the coculture.  Thus, high cell density 
did not compromise the accuracy of identifying cell lineage using PLS-DA models of Raman 
spectra. The two peaks with the highest VIP scores generated for PLS-DA model (Figure 2.5b) 
are associated with DNA (O-P-O str., 828 cm-1)28 and protein (Tyr, 828, 852 cm-1).28 Removal of 
the media-related peak at 1046 cm-1 from the model and test spectra increased the error of 
identifying the test MDCK and CHO cells from 4 to 6%, comparable to the error obtained when 
identifying the fixed cells in coculture. This indicates the spectral variation induced by the 
medium had a negligible effect on cell identification, which is confirmed by the low VIP score of 
the 1046 cm-1 peak (Figure 2.5b). The low identification error suggests that potentially non-ideal 
analysis condition (i.e., temperature and CO2 levels) did not compromise cell health or induce 
cell rounding, which could alter the amount of medium within the focal volume, and thus, the 
medium’s contribution to the cell spectra. Such changes in cell morphology would have also 
compromised visual identification of cell lineage. 
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Effect of photobleaching and laser irradiation area on cell classification 
The effects of photobleaching and laser irradiation area on the identification of individual 
mammalian cells by PLS-DA of their Raman spectra were investigated.  
The biochemical composition of a cell is spatially heterogeneous, therefore probing one 
small (~1 µm) area or volume within the cell using Raman spectroscopy does not provide 
information on all biochemical constituents. Here, we determined whether probing a larger 
volume within cells would improve the classification accuracy of individual mammalian cells by 
PLS-DA of their Raman spectra as compared to probing within the focal volume of the laser.  
 Principal component analysis (PCA) was used to determine the major sources of variance 
in both the single-point and Duoscan mode cell spectra (Figure 2.6a). In order to evaluate all 
sources of variance in the spectra, raw or non-preprocessed spectra were analyzed using PCA. 
Principal component 1 (PC1) captured >99% of the variance, largely from the broad baseline and 
from variations in overall signal intensity (not shown). The most prominent differences between 
the two acquisition modes were featured in PC2 and PC4 (0.19% and 0.02% variance, 
respectively). Spectral variation in PC2 originated from baseline/fluorescence signal, while 
variation in PC4 originated from peaks corresponding to various biochemical constituents, such 
as nucleic acids, proteins, and lipids. Inter-population variation in PC4 scores was larger than 
intra-population variation, and intra-population variation was larger than the variation between 
single-point and Duoscan spectra within each cell (not shown). The two cell types formed 
separate clusters on the plot of PC2 and PC4 scores. Though the Duoscan spectra featured a 
larger spread in spectral variation compared to single-point spectra for both cell types, the 
direction of this variation was largely orthogonal to the direction of variation separating the two 
cell types. 
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To determine the effect of spectral acquisition mode on the discriminatory performance 
of PLS-DA, PLS-DA models were constructed using both single-point and Duoscan spectra from 
MDCK and NIH 3T3 cells. 2 latent variables were selected to capture >70% of the cumulative 
variance while minimizing cross-validation classification error. The identification plots for the 
single-point mode and Duoscan mode models are shown in Figure 2.6b. As demonstrated in the 
identification plots, both single-point and Duoscan models were used to accurately identify the 
cell type of individual fixed cells. Notably, each model accurately identified cells in the test set 
based on spectra acquired using both single-point and Duoscan modes, suggesting that pre-
processing filtered out the non-classification-relevant spectral variance between these two 
modes. Prediction classification errors ranged from 0-3.3%; these differences are not significant. 
While single-point Raman spectral acquisition results in greater spectral variation within a 
sample population when compared to area-scanned spectral acquisition, this variation does not 
reduce the discriminatory accuracy achieved when using PLS-DA. Though area-scanning 
acquisition did not result in significant improvements in classification accuracy in this 
experiment, further investigations on scanning over larger or complete areas within cells should 
be conducted, particularly on living cells and for several different cell populations of differing 
sizes and morphologies.  
Photobleaching occurs when a fluorophore loses its ability to fluoresce due to photo-
induced damage. Photobleaching is observed in Raman spectroscopy due to laser irradiation of 
the sample, and manifests as a reduction in the fluorescence baseline of cell or tissue spectra. To 
investigate whether photobleaching affects the classification of cells by their Raman spectra, 
MDCK and NIH 3T3 cells were cultured, fixed, and seeded on gold mirrors as described above. 
Average spectra from non-photobleached and photobleached NIH 3T3 and MDCK cells are 
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presented in Figure 2.7a. The baseline intensities of spectra from photobleached cells were 
consistently lower (10-20%) than those of non-photobleached cells, as expected due to the 
reduction in cell autofluorescence. Photobleaching did not result in any significant changes in 
spectral signal-to-noise ratio.    
To determine the effect of photobleaching on the discriminatory accuracy of PLS-DA, 
PLS-DA models were constructed using spectra from photobleached and non-photobleached 
MDCK and NIH 3T3 cells. Model and test spectra were acquired from separate substrates. Two 
latent variables were selected to capture >70% of the cumulative variance while minimizing 
cross-validation classification error. The identification plots for these two models are shown in 
Figure 2.7b. As shown in these identification plots, PLS-DA models calibrated using spectra 
from photobleached and non-photobleached cells both accurately classified the cell type of 
individual MDCK and NIH 3T3 cells. Notably, both models accurately classified test spectra 
from both photobleached and non-photobleached cells, indicating that photobleaching did not 
result in any significant degradation of signal relevant to cell identification, nor did 
photobleaching enhance relevant cell signal. In addition, derivatization of the spectra during pre-
processing effectively removed the fluorescence baseline, thereby reducing the effects of 
photobleaching on model calibration. Classification accuracies ranged from 0-7%; these 
differences were not deemed significant for these small sample sizes. We infer that reduction in 
fluorescence baseline signal due to photobleaching does not significantly impact classification of 
cells by PLS-DA of their Raman spectra. While higher photobleaching times should be 
investigated, care must be taken to avoid excessively long irradiation times to avoid other forms 
of photodamage in living cells, which may affect the resultant Raman spectra. 
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2.4 Discussion 
Spontaneous Raman spectroscopy is a non-invasive and label-free approach, which 
renders it especially advantageous for identifying the phenotypes of individual cells within the 
microscale substrates that have been developed to screen stem cell fate decisions.  Because the 
multiple types of cells within these microscale screening substrates are in close proximity to one 
another, we assessed whether Raman single cell spectra could be exploited to identify the 
phenotypes of cells in heterogeneous cocultures.  Although the weak nature of Raman scattering 
and similarities in the spectra of cells of different phenotypes complicate single cell analysis, 
PLS-DA of Raman spectra enabled accurately and objectively identifying the lineage of 
individual, fixed and living cells.   
Our spectra preprocessing procedures, which included taking the derivative, and then 
normalizing and autoscaling each spectrum, were optimized to maximize reproducibility and 
minimize the error of identifying cell lineage by PLS-DA of Raman spectra. Our raw Raman 
spectra exhibited a combination of sharp peaks (e.g., the Phe peak at 1005 cm-1) and broad 
sloping peaks (e.g., the amide I/C=C stretch peak at 1659 cm-1), as well as a large sloping 
fluorescence background that interfered with cell-specific peaks. Though the use of derivative 
spectra has been debated,32-34 we found that taking the derivative of the spectra yielded more 
consistent background removal and accurate identification than the widely used method of 
weighted least-squares baseline removal. We hypothesize that the small changes in high 
frequency, low intensity spectral features that are emphasized by autoscaling derivative spectra 
are important for discriminating the cell lines. Our preprocessing optimization resulted in slightly 
different preprocessing parameters for fixed and live cell spectra to account for differences in 
signal-to-noise and spectral composition. Notably, we took the first derivative of our fixed-cell 
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spectra and the second derivative of our live-cell spectra to yield optimal results. We hypothesize 
that the second derivative of live-cell spectra better removed the more complicated sloping and 
curving baseline resulting from the media in the live cell spectra, which was not present in the 
fixed cell spectra. Using second derivative spectra also emphasized noise, necessitating a higher 
smoothing filter width than that for first-derivative spectra. This preprocessing, however, 
complicated interpreting the PLS-DA loading and VIP plots, which show the importance of each 
spectral feature towards cell line identification.  In first-derivative spectra in particular, the peak 
maxima in the raw spectra correspond to x-intercepts in the derivative spectra, and numerous 
peaks tend to be important for model development and sample identification when autoscaling is 
employed.  
 We have shown that the identification errors obtained for live cells in monocultures, 
quasi-cocultures, and cocultures were comparable to those for fixed cells. Based on the 
comparable spectral features and identification errors obtained for live and fixed cells, we expect 
that the ability to identify living cells from different lines can be inferred from studies of fixed 
cells from the lines of interest. Such flexibility in sample preparation would facilitate assessing 
the feasibility of discriminating and identifying cells from more closely related lineages or cells 
cultured in even more complex environments. 
 
2.5 Conclusions 
The objective and accurate identification of the lineages of individual, living cells in 
cultures achieved herein by PLS-DA of Raman spectra suggests that this approach may enable 
the label-free tracking of cell fate decisions over time for tissue engineering studies. Our 
approach had sufficient sensitivity to distinguish and identify cells from different tissues and 
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species (MDCK, CHO, and NIH 3T3 cells), as well as cells with very similar biochemistries 
from a single species (NIH 3T3 and Clone 15 cells). This suggests that the subtle changes in cell 
phenotype that occur during stem cell differentiation can be captured in a PLS-DA model of 
Raman spectra and used to identify cell lineage. Although the biomaterial substrates that are 
typically used to support stem cells may contribute a substantial Raman signal to the cell spectra, 
existing preprocessing methods can be used to remove the spectral variation related to the 
biomaterial substrate.35 Other factors that can affect classification accuracy, including spectral 
pre-processing, sample preparation, and acquisition conditions were also investigated. In 
particular, care must be taken to pre-process the spectra such that relevant cell signal is preserved 
without introducing bias in the model.  
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2.6 Figures and Tables  
 
Figure 2.1. (a) Average Raman spectra of single live MDCK (red, upper, n=21), CHO (blue, top 
middle, n=20), NIH 3T3 (green, bottom middle, n=20), and Clone 15 (cyan, bottom, n=20 cells; 
the bordering gray lines show the standard deviation. Spectra were obtained using a ~350 mW, 
785 nm laser for 60 s. Spectra were background corrected using a weighted-least-squares 
method, and were normalized and offset for visual clarity. The location and intensity of peaks 
were largely consistent between different cell types, demonstrating the difficulty of identifying 
cell lineage by visual inspection. (b) Average of the first-derivative spectra from the same data, 
produced using the Savitzky-Golay smoothing algorithm.  Gray lines represent the standard 
deviation around each mean. Spectra were normalized, offset for visual clarity, and autoscaled. 
The first-derivative method effectively removed the background- and fluorescence-related 
baseline and emphasized peaks of low intensity. PLS-DA models for cell identification were 
constructed using first-derivative spectra. Peaks assignments are provided in Table A.1.  
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Table 2.1. Sensitivity, specificity, and error of cell type identification in four different culture 
environments: fixed cell monocultures, fixed cell coculture, live cell quasi coculture, and live 
cell coculture. 
 
 Fixed monocultures Fixed coculture Live quasi coculture Live coculture 
 MDCK CHO NIH 3T3 
Clone 
15 MDCK CHO MDCK CHO 
NIH 
3T3 
Clone 
15 MDCK CHO 
Sensitivity of 
identification of 
calibration samples 
0.94 1.0 0.93 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 
Specificity of 
identification of 
calibration samples 
0.98 0.98 1.0 1.0 1.0 0.94 1.0 0.98 1.0 0.98 1.0 1.0 
Sensitivity of 
identification of test 
samples 
0.86 1.0 0.89 0.93 0.87 1.0 1.0 0.83 0.95 1.0 0.96 0.96 
Specificity of 
identification of test 
samples 
0.94 0.96 0.98 0.94 1.0 0.87 0.95 1.0 0.90 0.87 0.96 0.96 
Class errors of 
identification of 
calibration samples 
0.042 0.011 0.033 0.0 0.029 0.029 0.0 0.0082 0.0 0.0082 0.0 0.0 
Class errors of 
identification of test 
samples 
0.10 0.022 0.071 0.068 0.067 0.067 0.026 0.083 0.075 0.067 0.039 0.039 
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Figure 2.2. (a-d) Identification plots for the PLS-DA model constructed using Raman spectra 
from fixed cells in monocultures. Cells in separate monocultures that exceeded the identification 
threshold (red dashed line) were identified as (a) MDCK, (b) CHO, (c) NIH 3T3, and (d) Clone 
15 cells. (e) Identification plot from a PLS-DA model of MDCK and CHO cells in monocultures 
that was applied to the spectra of fixed cells in a coculture. Cells that exceeded the threshold in 
(e) were identified as MDCK cells, while cells below the threshold were identified as CHO cells. 
 
 
 
 
 
Figure 2.3.  (a-d) Identification plots for a PLS-DA model constructed using Raman spectra 
from live cells in monocultures that were applied to the spectra of live cells in a quasi coculture. 
Cells that exceeded the identification threshold (red dashed line) were identified as (a) MDCK, 
(b) CHO, (c) NIH 3T3, and (d) Clone 15 cells.  
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Figure 2.4. (a) Microscope image of live MDCK cells and CHO cells from three areas of 
varying densities in a coculture. Labeled MDCK (M# in red) and CHO (C# in blue) cells were 
analyzed using Raman and PLS-DA. The cell type is clearly distinguishable based on 
morphology, which was used to confirm the identity of each cell analyzed. (b) Identification plot 
for the PLS-DA model constructed using Raman spectra from fixed cells in monocultures that 
was applied to cells seeded in a coculture. The cells that exceeded the identification threshold 
were identified as MDCK cells, while cells below the threshold were identified as CHO cells.  
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Figure 2.5. VIP plots for PLS-DA models constructed for fixed (a) and live (b) cells in 
coculture. Peaks with VIP scores greater than unity are important for distinguishing MDCK from 
CHO cells. The most valuable peaks in the fixed cell PLS-DA model correspond to 1575 cm-1 
(DNA: G, A), 897cm-1 (DNA: deoxyribose), and 1301 cm-1 (lipids: CH2 twist). The most 
valuable peaks in the live cell PLS-DA model corresponded to 828 cm-1 (DNA: O-P-O stretch, 
protein: Tyr), and 852 cm-1 (protein: Tyr). The peak at 1046 cm-1, corresponding to the cell 
media, did not have a high VIP score in the live cell model. Removal of this peak from data set 
produced insignificant changes in the error of identification for the cells in quasi coculture and 
coculture, confirming that contributions from cell media have a minimal effect on cell 
identification.  
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Figure 2.6. (a) PCA plot of fixed MDCK and NIH 3T3 spectra acquired from one single point in 
the center of the cell, or scanned over a central 6 µm diameter area of the cell using Duoscan. 
Spectra were not pre-processed in order to investigate all sources of spectral variation. 95% 
confidence ellipses are shown for each group. (b) Identification plots for PLS-DA models 
constructed using pre-processed Raman spectra from fixed MDCK and NIH 3T3 cells. Model 
spectra were acquired using single-point acquisition mode (top) and Duoscan mode (bottom); the 
same prediction sets, featuring both acquisition modes, were tested with these two models. 
Model and test cell spectra were acquired from two separate substrates.     
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Figure 2.7. (a) Average Raman spectra acquired from fixed NIH 3T3 and MDCK cells (n=15 for 
each spectrum). Spectra were acquired with an initial photobleach time of 0s or 30s. (b) 
Identification plots for PLS-DA models constructed using spectra from non-photobleached (top) 
and photobleached (bottom) fixed NIH 3T3 and MDCK cells. Model and test cell spectra were 
acquired from two separate substrates.    
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CHAPTER 3 
IDENTIFYING THE DIFFERENTIATION STATES OF HEMATOPOIETIC STEM 
CELLS AND THEIR PROGENY ON BIOMATERIAL SUBSTRATES VIA RAMAN 
SPECTROSCOPY3 
 
3.1 Introduction 
The capacity of hematopoietic stem cells (HSCs) to self-renew or differentiate into the 
mature blood and immune cell lineages found in the body makes them potentially valuable for 
clinical therapies for blood and bone marrow diseases.1 The ability to direct HSCs in vitro to 
self-renew or differentiate into desired hematopoietic cell lineages is required to achieve this 
goal.2 A major challenge remains identifying ex vivo approaches to direct desired HSC fate 
specification events such as self-renewal versus differentiation.  
The microenvironment surrounding each HSC in the bone marrow, known as the stem 
cell niche, influences HSC fate decisions to remain quiescent, self-renew, or differentiate into 
specific blood cell lineages.3 HSC fate specification is affected by extrinsic cues, such as matrix 
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composition and stiffness.4 Thus, understanding the individual and combined effects of 
chemotactic and micromechanical cues on HSC self-renewal and differentiation is critical for 
efforts to direct HSC fate ex vivo.5 The scarcity of the long-term repopulating HSCs (LT-HSCs) 
that have the ability to self-renew in the body (<1:50,000 marrow cells)6 necessitates minimizing 
the number of bone marrow-extracted HSCs that are needed to screen HSC response to extrinsic 
cues.7-8 Chapter 1 introduced the development and application of microscale screening platforms 
that address this challenge by containing a multitude of distinct environments via patterning 
biomaterial substrates with both biochemical and mechanical cues.2,9 Ideally, the lineage-specific 
differentiation status of individual HSCs within engineered culture environments could be 
assessed with an objective, location-specific, and label-free approach. Frisz, et al. described a 
label-free approach that used time-of-flight secondary ion mass spectrometry (TOF-SIMS) to 
discern discrete stages of B cell differentiation in primary, marrow-derived hematopoietic cells.10 
The studies showed that individual hematopoietic stem and progenitor cells, common lymphoid 
progenitor cells, and differentiated B cells could be discriminated from one another and 
accurately classified with this approach, but did not examine the capacity to segment discrete 
hematopoietic stem and progenitor cell sub-populations. Though accurate, TOF-SIMS analysis 
cannot be performed on living cells, which limits its future applicability as a general tool to trace 
HSC response.  
Raman microspectroscopy is a promising method for noninvasively acquiring 
biochemical data from individual, unlabeled, hematopoietic cells at distinct locations in a culture 
without compromising cell viability or differentiation potential when performed with a 785 nm 
laser.11-12 Mesenchymal stem cell (MSC) differentiation into osteogenic and adipogenic lineages 
has been identified according to readily identifiable Raman signals associated with the 
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characteristic bone minerals and lipid droplets, respectively, that these lineages produce.13-15 The 
differentiation states of human embryonic stem cells and MSCs have also been identified based 
on combinations of Raman spectral features, such as differences in DNA-to-protein-related 
peaks.11,14,16-23 Multivariate analysis has enabled monitoring stem cell differentiation and various 
differentiation-associated biomarkers based on changes over the cell fingerprint region in the 
Raman spectra.17,19,21-25 Unlike MSCs, whose differentiation can be tracked by changes in 
endogenously produced biomolecules with readily identifiable Raman signatures,13-15 such 
differentiation markers are not expected for HSCs. Consequently, subtle spectral features related 
to cell cycle status or the substrate beneath the cells may produce within-population spectral 
variation that masks the spectral differences related to hematopoietic cell differentiation stage 
and lineage. This concern is especially relevant to the use of Raman spectroscopy for identifying 
early HSC fate decisions in microscale screening platforms that contain spatial variations in 
substrate composition and stiffness.26 
In Chapter 2, I demonstrated that a methodology consisting of Raman spectroscopy and 
multivariate analysis can be used to identify the phenotypes of individual cells within co-
cultures; this capability is critical when screening on biomaterials that contain multiple 
populations. In this chapter, I examined the feasibility and accuracy of utilizing this methodology 
to discriminate the lineage-specification states of individual primary murine hematopoietic cells 
on substrates of varying stiffness. We focused on four populations isolated from murine bone 
marrow via conventional flow cytometry (Figure 3.1): (1) a population enriched for LT-HSCs 
that do not express lineage antigens (Lin-) or CD34 but do express Sca1 and cKit  (CD34-Lin-
Sca1+cKit+ or CD34-LSK cells); (2) a population enriched for closely-related short-term 
repopulating HSCs (ST-HSCs) that lack lineage antigens (Lin-) but do express CD34 
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(CD34+LSK); (3) a differentiated myeloid population, granulocytes (Lin+Gr-1+); and (4) a 
differentiated lymphoid population, B lymphocytes (Lin+IgM+B220+).27 These populations were 
chosen because the ability to discriminate closely related HSCs (LT vs. ST-HSCs) from a 
population enriched in differentiated cells represents a critical challenge for any analytical 
platform. We show that partial least-squares discriminate analysis (PLS-DA) models constructed 
from the Raman spectra enable the lineage-specific differentiation stages of individual LT-HSCs, 
ST-HSCs, granulocytes and B cells seeded on gels of varying stiffness to be accurately 
identified.  
 
3.2 Materials and Methods 
All antibodies were purchased from eBiosciences (San Diego, CA). All other materials 
were purchased from Fisher Scientific (Hampton, NH) unless otherwise stated.  
Substrate preparation  
Polyacrylamide (PA) gels (12-mm diameter) were fabricated on of 12.7-mm diameter 
glass-protected gold mirrors (Thor Labs, Inc., Newton, NJ) and coated with fibronectin (BD 
Biosciences, San Jose, CA) using previously reported fabrication techniques.4,10,28 In brief, glass-
protected gold mirrors were aminosilanized by reaction with 4 M NaOH followed by 3-
aminopropyltrimethoxysilane and 0.5% glutaraldehyde. For this study, acrylamide/bisacrylamide 
concentrations of 5%/0.10% or 10%/0.3% were used to fabricate 3.70 ± 0.08 kPa (“soft”) or 44.2 
± 3.42 kPa (“stiff”) PA gels.4 Tetramethylethylenediamine (1/2,000 v/v) and 10% ammonium 
persulfate (1/200 v/v) were added to the specified acrylamide/bisacrylamide mixtures. These 
solutions were quickly placed on the aminosilanized gold mirrors and covered with 
chlorosilanized glass coverslips for polymerization. After polymerization, the coverslips were 
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removed and the PA gels were thoroughly washed with deionized water. The PA gels were 
subsequently reacted with 50 mM sulfo-SANPAH under UV (365-nm; UVP, Upland, CA), 
rinsed with 50 mM HEPES buffer (pH 8.5), and exposed to a fibronectin solution (100 µg/mL in 
50 mM HEPES solution, pH 8.5) overnight at 4 °C. This produced a fibronectin coating on the 
PA gel that promotes hematopoietic cell adherence.  
Hematopoietic cell isolation 
C57BL6 mice between 4 and 8 weeks of age (The Jackson Laboratory, Bar Harbor, ME) 
were euthanized with carbon dioxide in compliance with the University of Illinois Institutional 
Animal Care and Use Committee (IACUC) guidelines.4 Their femurs and tibias were collected, 
crushed with a mortar and pestle, and filtered through a 40 µm cell strainer to produce whole 
bone marrow cell suspension in PBS supplemented with 2% fetal bovine serum (FBS) (buffer). 
Upon lysing red blood cells with ammonium-chloride-potassium (ACK) lysis buffer (Life 
Technologies, Carlsbad, CA), cells were incubated with Fc receptor blocking antibody 
(CD16/CD32) to prevent nonspecific binding, and then with the appropriate fluorophore-
conjugated antibodies to cell surface markers used to isolate LT-HSCs, ST-HSCs, B cells, and 
granulocytes (Figure 3.1). For LT-HSCs and ST-HSCs, marrow cells were incubated with a 
cocktail of FITC-conjugated lineage (Lin) antibodies (CD5, B220, CD11b, Ly-6G/C, 7-4, Ter-
119) as well as phycoerythrin (PE)-conjugated Sca-1, allophycocyanin (APC)-Cy7-conjugated c-
Kit, and APC-conjugated CD34 antibodies to isolate CD34-Lin-Sca1+cKit+ (CD34-LSK) LT-
HSCs or CD34+LSK ST-HSCs.6,29-30 Alternatively, marrow cells were incubated with FITC-
conjugated B220 and eFluor 450-conjugated IgM antibodies to isolate B220+IgM+ B cells, or 
FITC-conjugated Gr-1 antibody to isolate Gr-1+ granulocytes. For all cell populations, propidium 
idodide was used to exclude dead cells. Labeled cells were sorted via fluorescence-activated cell 
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sorting (FACS; BD FACSAria™ cell sorter). The purity of the cell populations isolated by 
FACS is >95%. This high accuracy is critical because PLS-DA models the spectral variance in 
the calibration set.    
Cell culture 
Isolated cells were first seeded onto fibronectin-coated PA gels on glass-coated gold 
mirrors and allowed to settle for up to 3 h before analysis. HSCs were maintained in StemPro®-
34 serum free medium (Life Technologies, Carlsbad, CA) supplemented with 10% FBS while B 
cells or granulocytes were kept in DMEM supplemented with 10% FBS. Although 3 h is likely 
insufficient to allow the cells to fully recover from the stress of harvesting and sorting, this short 
culture time was necessary to ensure that the HSCs did not differentiate into more mature 
progeny prior to analysis. Potential cell stress is not likely to bias the PLS-DA results because all 
of the cells were subjected to the same isolation procedure and allowed to recover in culture for 
the same time span.  
Raman spectroscopy 
Cells on PA gel-coated gold mirrors were fixed in 2% paraformaldehyde and 0.05% 
glutaraldehyde diluted in 0.2 M Hendry's phosphate buffer (HPB) for 30 min. Then Raman 
spectra were acquired at room temperature with a Raman confocal microscope (Horiba LabRAM 
HR 3D confocal Raman imaging system, 500 µm pinhole, 100 µm slit size, 300 grooves per mm 
grating) using an Olympus 60×, NA 1.0, water-dipping objective (2mm working distance). A 
350 mW 785 nm laser with a diffraction-limited spot size of approximately 1 µm, calculated as 
1.22λ/NA, was used to collect the cell spectra; the working spot size appeared to be 
approximately 3 µm in diameter due to scattering induced by the relatively rough, rounded cell 
surface. To minimize potential spectral variance caused by the detection of different organelles 
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in each cell, the Raman laser was focused on the central, nuclear region of each cell, and Raman 
scattering was measured from 600 to 1750 cm−1 for 20 s per cell. The laser spot was small 
enough that it only covered the cell of interest, and did not include adjacent non-cellular material 
or neighboring cells. No changes in cell spectra or morphology were observed during Raman 
imaging. 
Data analysis 
Spectral preprocessing was performed using LabSpec 5 (Horiba Scientific) and the PLS 
Toolbox (v.6.7.1, Eigenvector Research, Manson, WA) run in MATLAB (7.14.0.739, R2012a, 
MathWorks Inc., Natick, MA) prior to multivariate analysis. Cosmic spikes and inconsistent 
peaks were removed manually. The background, which consisted of a large sloping baseline due 
to autofluorescence and peaks associated with the PA gel, was removed using an automated 
background subtraction algorithm developed by Beier, et al.31 This eliminated bias caused by 
subtle differences in the background signals during multivariate analysis. Spectra were aligned 
using offset alignment (slack = 2) to account for instrumental variation and smoothed using a 
Savitzky-Golay algorithm (3rd order polynomial, 13 points). Each spectrum was normalized to 
the spectral range of 1437 - 1465 cm−1 and mean centered to the data set. This range, which 
includes a strong peak at 1449 cm-1, is suitable for normalization because it includes various 
vibrational modes that are produced by numerous cellular protein and lipid components.19,32 
Principal component analysis (PCA) and PLS-DA were performed on the preprocessed spectra 
using the PLS Toolbox run in MATLAB as previously described.10 PCA transforms the data set 
of Raman spectra into orthogonal principal components (PCs), which are linear combinations of 
Raman spectral features that capture the maximum variance between each cell spectrum. Spectra 
from 33, 33, 33, and 36 LT-HSCs, ST-HSCs, granulocytes, and B cells, respectively were used 
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to construct a PCA model consisting of 3 PCs that captured 90.6% of the variation in the spectra.  
Score plots were produced to visual the projections of the individual cells onto the new PCs. 
For PLS-DA, the PLS Toolbox run in MATLAB was used to develop a partial least 
squares regression model that related the Raman peaks in the calibration spectra acquired from 
LT-HSCs, ST-HSCs, granulocytes, and B cells to a matrix of variables indicative of each 
sample’s classification (i.e., hematopoietic cell population). Samples that exhibited unusual 
spectral variance, characterized by Q residual statistics greater than the 95% confidence limit, 
were removed from the calibration set.  The minimum number of latent variables (LVs), which 
are the linear combinations of Raman spectral features that are most useful for identifying cell 
type, required to capture at least 80% of the spectral variance were retained in each model. The 
resulting PLS-DA model was applied to the spectra of “test” cells that were on the same 
substrates but had not been used for model construction. The numerical prediction values for 
each hematopoietic cell population were calculated for each sample, and are shown in 
identification plots. Prediction values that exceed the Bayesian threshold determined for each 
hematopoietic cell population indicate the sample is a member of that population.   
 
3.3 Results 
Raman microspectroscopy of hematopoietic cells 
A single Raman spectrum was acquired from individual hematopoietic cells of similar 
morphology and size (4 to 5 µm in diameter) that were seeded on fibronectin-coated PA gels of 
varying thickness (Figure 3.2). Figure 3.3a shows the average background-subtracted, baseline-
corrected, and normalized spectra from fixed LT-HSCs, ST-HSCs, granulocytes, and B cells 
seeded on stiff PA gels. A modified background-subtraction algorithm was used to remove the 
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large peaks produced by the fibronectin-coated PA gel (Figure 3.2) and the broad, sloping 
baseline that resulted from autofluorescence. Many well-defined peaks corresponding to nucleic 
acids, proteins, lipids, and carbohydrates are present in the spectra (Table A.1). The similarities 
between the average spectra in Figure 3.3a demonstrate the difficulty in identifying cell type by 
visual inspection of the Raman spectra, and consequently, the need for multivariate analysis. The 
average mean-centered Raman spectra reveal differences in peak heights between hematopoietic 
cell populations (Figure 3.3b). The most visibly detectable differences in peak height are 
associated with nucleic acids, notably from the uracil (U), cytosine (C), and thymine (T) ring-
breathing modes (782 cm-1), O-P-O stretch (788 cm-1), nucleic acid phosphate backbone (1095 
cm-1), and guanine (G) and adenine (A) ring stretch (1575 cm-1). These peaks were generally 
more pronounced in the HSC spectra than in the more differentiated cell spectra. These peaks 
also had the highest variability in the spectra, which likely reflects changes in the nucleic acid 
content during the cell cycle. General protein-related peaks (e.g., C-C/C-N stretch, 1158 cm-1), 
lipid-related peaks (e.g., C-H deformation, 1437 cm-1), and peaks of unidentified origins (e.g., 
711 cm-1 and 1395 cm-1) were pronounced in the mature cell spectra. However, not all protein-
related peaks were higher in the spectra of the mature cells as compared to those of HSCs (i.e., 
C-C/C-N stretch at 1258 cm-1, CH deformation at 1337 cm-1, Phe symmetric ring breathing, 1005 
cm-1). Consequently, the intensities of individual protein-related peaks are not reliable indicators 
of hematopoietic cell differentiation. 
PLS-DA of Raman spectra enables identifying hematopoietic cell differentiation stage 
Multivariate analysis was used to identify lineage-specific features in the spectra from the 
HSCs and differentiated cells. Spectra from 17, 18, 17, and 18 LT-HSCs, ST-HSCs, 
granulocytes, and B cells, respectively, seeded on stiff gels were used to construct a PLS-DA 
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model consisting of 7 LVs that captured 80.9% of the variation in the calibration spectra. This 
model was then applied to a test set of spectra acquired from different hematopoietic cells on the 
same substrates (16, 15, 16, 18 LT-HSCs, ST-HSCs, granulocytes, and B cells, respectively). 
The cells that exceeded the classification threshold set for each of the four hematopoietic cell 
populations (red dashed lines, Figure 3.4) were identified as members of that population.  
The differentiation stages of the cells in both the calibration and test sets were identified 
with high sensitivity (1.0 for all classes) and specificity (1.0 for all classes), which are defined as 
the fraction of cells that were correctly identified as the specified population, and not from the 
specified population, respectively. The class error of identification, which is the average of the 
false positive and false negative rates, was 0% for all hematopoietic cell populations in the 
calibration set, and 3%, 4%, 0%, and 2% for the LT-HSCs, ST-HSCs, granulocytes, and B cells 
respectively, in the test set. Remarkably, the PLS-DA model accurately distinguished between 
not only the fully differentiated granulocytes and B cells, but also the two most immature and 
closely related hematopoietic cell populations, LT-HSCs and ST-HSCs.  
PLS-DA model of spectra from hematopoietic cell population-specific antibody cocktails 
Control experiments were performed to exclude the possibility that accurate cell 
identifications were based on spectral features produced by the antibody cocktails used to isolate 
each population by FACS (Figure 3.5). Raman spectra of the population-specific antibody 
cocktails used to isolate each cell population were acquired and used to construct a PLS-DA 
model. The resulting variable importance in projection (VIP) plots were compared to the VIP 
plots generated for the cell identification PLS-DA model in order to determine if the antibody 
cocktails significantly contributed to cell identification (Figure 3.5). Several peaks with high VIP 
scores in the PLS-DA model constructed using the antibody spectra (Figure 3.5a-d) were also 
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important for cell identification in the PLS-DA model constructed using cell spectra, primarily 
the peaks at 788 cm-1 and 648 cm-1 (Figure 3.5e-h). These antibody-related peaks are also 
associated with native cellular constituents, so the utility of these peaks for predicting 
hematopoietic cell population is not necessarily due to the presence of antibodies on the cell 
surface. Moreover, removal of all of these common peaks from the PLS-DA model constructed 
from calibration cell spectra did not significantly increase the error of hematopoietic cell 
identification. This indicates the accurate cell classifications achieved by the PLS-DA models 
were not due to Raman signals produced by antibodies on the cells’ surfaces.  
Between-population differences in cell biochemistries are encoded in the latent variable 
scores and loadings 
The spectral variance responsible for separating the four cell types are encoded in the 
PLS-DA model’s LVs and peak loadings (Figure 3.6). Though multiple LVs are required to 
discriminate between the four cell populations, each population’s average score on an individual 
LV and the peak loadings for that LV provide insight into their biochemical differences. Such 
biochemical information can shed light on the process of HSC differentiation. For example, LV1, 
which captured 12.3% of the variance in the calibration spectra, helped to discriminate the two 
HSC populations from the mature granulocytes and B cells (Figure 3.6a). Based on the LV1 peak 
loadings, the largely negative LV1 scores for the HSCs indicate they have relatively high nucleic 
acid-related peak intensities (U, C, T ring breathing, 782 cm-1; O-P-O stretch, 788 cm-1; PO2- 
stretch, 1095 cm-1; T, G, 669 cm-1; G, A, 1575 cm-1). Conversely, mature hematopoietic cells had 
primarily positive LV1 scores that denote lower intensities of nucleic acid-associated peaks. The 
higher DNA content in the two HSC populations may suggest that they have a higher nuclear to 
cytoplasmic ratio,33 or that they may be proliferating more rapidly than the fully differentiated 
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hematopoietic cell populations.18 Furthermore, the negative LV1 loading of the RNA-related 
peak (O-P-O-C3’, 811 cm-1) and the positive LV1 loading of the protein-specific peak (Phe 
symmetric ring breathing, 1005 cm-1) indicate the populations with negative LV1 loadings have 
relatively higher mRNA to protein ratios than those with positive LV1 loadings.17 This implies 
that the ST-HSCs and LT-HSCs have higher levels of mRNA relative to proteins, which has 
been correlated with higher amounts of untranslated mRNA, than the granulocytes and B cells.17 
This finding may also suggest that like embryonic stem cells, HSCs contain relatively higher 
amounts of stable mRNAs that are not being used for protein expression.17 Similarly, the 
relatively lower mRNA to protein ratio in the differentiated granulocytes and B cells may 
indicate that during differentiation, this dormant mRNA had been activated and translated into 
new proteins that were required for differentiation and specialized function.17  
The scores and loadings for the other LVs also helped to distinguish each cell population 
based on subtle differences in biochemical composition. LV2 captured 9.8% of the variance and 
indicated higher levels of lipids relative to total cell content in LT-HSCs compared to ST-HSCs 
and the two mature hematopoietic cell populations (Figure 3.6b). Of the peaks with positive 
loadings on LV2, those with the highest values were associated with nucleic acids (O-P-O 
stretch, 788 cm-1; PO2- stretch, 1095 cm-1) and proteins (Phe symmetric ring breathing, 1005 cm-
1; Amide I α helix, 1659 cm-1). Most of the lipid-associated peaks (CH2 twist, 1301 cm-1; 
symmetric stretch CH3, 1367 cm-1; >C=O ester stretch, 1743 cm-1) and those related to 
combinations of lipid and protein vibrational modes (C-N stretch and chain C-C stretch, 1128 
cm-1) loaded negatively on LV2. The score for the LT-HSCs on LV2 suggests that they 
contained high lipid content relative to total cell content. LV3 (11.5% of the spectral variance) 
helped to separate the granulocytes from the other cell types (Figure 3.6c) primarily based on 
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low values of a large, broad peak corresponding to proteins and lipids (Amide III β sheet 
vibration, 1242 cm-1, Amide III sheet β vibration and =CH deformation, 1258 cm-1) relative to 
DNA (O-P-O stretch, 788 cm-1; PO2- stretch, 1095 cm-1). LV4 (19.6% of variance captured) 
helped to discriminate the B cells from all other hematopoietic cell populations. The B cells’ 
positive scores on LV4 indicate high levels of lipid (CH2 twist, 1301 cm-1) and DNA (O-P-O 
stretch, 788 cm-1;) relative to proteins (C-H in-plane bend Tyr, 1176 cm-1; C-C6H5 stretch in Phe, 
Trp, 1209 cm-1; Amide III β sheet vibration, 1242 cm-1). LVs 5, 6, and 7, which captured 12.9%, 
9.9%, and 4.8% of the variance in the calibration spectra, respectively, were not particularly 
selective for any cell type.  Nonetheless, these LVs were important to the accuracy of cell 
identification, as their omission from the model increased the error of identification to 7%, 11%, 
7%, and 20% for the LT-HSCs, ST-HSCs, granulocytes, and B cells, respectively. 
PCA of hematopoietic cell spectra 
Noteworthy, cell differentiation stage could not be accurately identified by using the 
more common multivariate analysis technique, PCA, to model the Raman spectra. In contrast to 
PLS-DA, which captures the maximum spectral variation between each population, PCA 
captures the maximum spectral variance between each cell in the data set. The PCA score plots 
show that the LT-HSCs, ST-HSCs, granulocytes, and B cells were not separated on the first three 
PCs, which captured 90.6% of the total variation in the cell spectra (Figure 3.7). This inability to 
discriminate between the LT-HSCs, ST-HSCs, granulocytes, and B cells indicates the PCA 
model captured significant amounts of intra-population spectral variation that was not useful for 
identifying cell differentiation stage. Moreover, the standard deviation of each PC score did not 
vary significantly between the four cell populations, and was comparable to that of all 
populations combined (Figure 3.8), indicating the intra-population spectral variance was 
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substantial in comparison to that between populations. The intra-population spectral variation 
may arise due to differences in cell cycle phase and metabolism. In addition, it may also result 
from slight differences in laser centering on each cell during spectral acquisition, and natural 
deviations in the intracellular positions of the nucleus and other organelles.  
Altogether, these results show that PLS-DA, but not PCA, of Raman spectra enables 
detecting subtle spectral variations between biochemically similar HSCs at the single cell level. 
Presently, this may be the only technique that can discriminate between multiple closely related 
cell populations in situ and on the single cell level.  
Identification of the differentiation status of hematopoietic cells on substrates of differing 
composition  
We assessed whether the differentiation status of hematopoietic cells seeded on PA gels 
of differing stiffness could be accurately identified by PLS-DA of background-corrected Raman 
spectra. To remove substrate-related intra-population variance, a PLS-DA model was constructed 
of spectra from cells seeded on both stiff (44.2 kPa) and soft (3.7 kPa) PA gels for each 
hematopoietic cell population. The resulting PLS-DA model, which consisted of 11 LVs that 
captured 81.3% of the variance in the calibration spectra, yielded class identification errors of 
2%, 0%, 1%, and 1% for LT-HSCs, ST-HSCs, granulocytes, and B cells, respectively, in the 
calibration set, and 4%, 5%, 10%, and 3% for LT-HSCs, ST-HSCs, granulocytes, and B cells, 
respectively, in the test set (Figure 3.9). This indicates that the differences in substrate stiffness, 
and thus, composition, did not interfere with accurately identifying hematopoietic cell lineage 
when the PLS-DA model was constructed from calibration spectra from cells seeded on each of 
the different substrates that supported the cells in the test set.  
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3.4 Discussion 
Here we addressed the demand for label-free methods to identify the lineage-specific 
differentiation status of individual hematopoietic cells with location specificity. We have shown 
that PLS-DA of Raman spectra enables objectively discriminating very closely related LT-HSC 
and ST-HSC populations, as well as their fully differentiated progeny despite the absence of 
phenotypic products with distinctive Raman signatures. In the absence of peaks characteristic of 
each cell type analyzed, PLS-DA pinpointed differences in the relative intensities of 
combinations of Raman peaks that were common to multiple cell populations. As cell 
identification was based on a quantifiable threshold, and not the user’s opinion, one can expect 
that this objective approach will decrease the intra- and inter-user variability of single cell 
identification as compared to single cell immunofluorescence measurements. 
The data processing methods were carefully selected to unmask the subtle spectral 
differences that were related to hematopoietic cell differentiation status in the presence of 
potential within-population spectral variation arising from cell cycle status and substrate 
composition. A published background selection technique31 was found to reduce the 
contributions from the substrate in the cell spectra.  Furthermore, PLS-DA more accurately 
identified cell differentiation state than PCA, which is more frequently applied to Raman data in 
cell identification studies.11,21,25 As is evident in our model, PCA captures the maximum spectral 
variation between samples even if it is not useful for classification (i.e., peaks related to cell 
cycle status). PLS-DA is more useful for predicting sample identity because unlike PCA, PLS-
DA captures the spectral variation that varies between populations. Consequently, PLS-DA 
deemphasizes potential intra-population spectral variation that may arise due to differences in 
cell cycle status or the precise position of the laser on each cell in relation to intracellular 
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components. Likewise, the use of spectra acquired from LT-HSCs, ST-HSCs, granulocytes and 
B cells supported on both stiff and soft substrates for PLS-DA model construction deemphasized 
the intra-population spectral variation related differences in substrate stiffness.  This capacity for 
location-specific, accurate identification of cell fate independent of substrate-related spectral 
variance combined with our ability to fabricate biomaterials containing compositional gradients 
enables screening HSC response to a multitude of microenvironents on a single substrate.9  
In this proof of concept work, we employed fixed cells in order to ensure they would not 
differentiate or otherwise change their functional state during analysis. We expect that analysis 
of living hematopoietic cells would yield similarly low errors of classification because our 
previous studies indicated our identification accuracy is similar for fixed and living cells.34 This 
expectation is partially based on a previous report that the repeated collection of Raman spectra 
from the same human embryonic stem cells using 785 nm laser did not affect the cells’ viability 
or differentiation potential.12 Furthermore, our previous studies have shown the cell 
identification is not compromised by proximity to other cell types within a coculture system.34 
Thus, the noninvasive nature of this approach may allow observing the temporal development of 
cell fate decisions, which could enable dynamically adjusting the culture environment to steer 
HSC differentiation.  
 
3.5 Conclusions 
In summary, we have demonstrated the feasibility of utilizing Raman spectroscopy and 
PLS-DA to identify the lineage-specific differentiation stages of individual hematopoietic cells, 
including those from the rarest and most primitive LT-HSC and less primitive ST-HSC 
populations, on complex substrates. We expect that future efforts to include additional rare and 
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primitive hematopoietic cell subpopulations, as well immature intermediate cell subpopulations, 
namely multipotent progenitors, common lymphoid progenitors, and common myeloid 
progenitors, in our PLS-DA model would greatly facilitate efforts to identify the cellular and 
matrix cues that direct early HSC fate decisions.  
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3.6 Figures and Tables     
       
Figure 3.1. Diagram of hematopoiesis. Populations in analyzed in this study are circled, and cell-
specific surface markers are noted. Adapted with permission from ref 27 (Copyright 2003 
National Academy of Sciences).  
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Figure 3.2. Examples of Raman spectra of ST-HSCs and the PA gels on which they were 
seeded. Raman spectra of single ST-HSCs seeded on stiff gel (blue) and soft gel (red) are 
compared to the corresponding background spectra of a stiff gel (44 kPa) (green) and a soft gel 
(3.7 kPa) (orange). The PA gels were coated with fibronectin.  
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Figure 3.3. Average Raman spectra of hematopoietic cells and the corresponding mean-centered 
spectra. (a) Average spectra acquired from single LT-HSCs (red), ST-HSCs (green), 
granulocytes (blue), and B cells (cyan) using a 785 nm laser over the region 600-1750 cm-1 were 
baseline-subtracted, normalized to the area under the peak at 1437 - 1465 cm-1, and offset for 
clarity. Grey lines indicate standard deviation from the average spectra. The spectra were mean-
centered (b) to emphasize major sources of spectral variance between the different cell types. 
Refer to Table A.1 for peak assignments.  
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Figure 3.4. Identification plots for the PLS-DA models generated using Raman spectra of 
calibration hematopoietic cells that were seeded on the same stiff PA gels as the cells in the test 
set. Cells located above the classification threshold (red dashed line) were identified as (a) LT-
HSCs, (b) ST-HSCs, (c) granulocytes, and (d) B cells.  
 
  
 
76 
 
 
Figure 3.5. VIP score plots for the PLS-DA model generated using spectra from the antibodies 
used to isolate the LT-HSCs (a), ST-HSCs (b), granulocytes (c), and B cells (d) by flow 
cytometry. Peaks above the red threshold line were determined to be important for identifying 
each class of antibody cocktails. These plots were compared to VIP score plots for the PLS-DA 
model generated with calibration cell spectra from LT-HSCs (e), ST-HSCs (f), granulocytes (g), 
and B cells (h). For each hematopoietic cell population, the peaks that have high VIP scores in 
both the PLS-DA model generated using antibody spectra and that generated using cell spectra 
are marked in red.  
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Figure 3.6. Average LV scores for the hematopoietic cell populations in the PLS-DA model 
presented in Figure 3.4. Average scores on LV1 (12.3% variance) (a), LV2 (9.8% variance) (b), 
LV3 (11.5% variance) (c), and LV4 (19.6% variance) (d) for the calibration LT-HSCs (red), ST-
HSCs (green), granulocytes (blue), and B cells (cyan). The corresponding LV loadings for LV1 
(e), LV2 (f), LV3 (g), and LV4 (h) contain combinations of cell-associated Raman peaks. Refer 
to Table A.1 for peak assignments. 
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Figure 3.7. Score plots for the PCA model generated using Raman spectra of hematopoietic cells 
seeded on stiff PA gels. Score plots for (a) PC1 (81.6% of variance) and PC2 (5.25% of 
variance), (b) PC1 and PC3 (3.67% of variance), and (c) PC2 and PC3 account for the majority 
of the spectral variance in the dataset. The ellipse in each PC model represents the border for the 
entire model at the 95% confidence limit.  
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Figure 3.8. Standard deviations of PC1, PC2, and PC3 scores from LT-HSCs (red), ST-HSCs 
(green), granulocytes (blue), B cells (cyan), and all four populations (white) for the PCA model 
generated using Raman spectra of hematopoietic cells seeded on stiff PA gels (Figure 3.4). For 
ease of comparison, presented standard deviations were normalized to the average standard 
deviation for each PC.  
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Figure 3.9. Identification plots for the PLS-DA models generated using Raman spectra of 
calibration hematopoietic cells seeded on stiff and soft PA gels were used to classify a test set of 
hematopoietic cells seeded on stiff and soft PA gels. Cells located above the classification 
threshold (red dashed line) were identified as (a) LT-HSCs, (b) ST-HSCs, (c) granulocytes, and 
(d) B cells.  
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CHAPTER 4 
MONITORING DISCRETE NEUTROPHILIC DIFFERENTIATION STATES OF 
INDIVIDUAL 32D CELLS VIA RAMAN SPECTROSCOPY4 
 
4.1 Introduction 
The ability to monitor discrete stages of stem cell differentiation non-invasively with 
location and time specificity would offer significant functionality to stem cell screening 
platforms. Such an analytical tool would enable correlating the differentiation and cell cycle 
status of an individual cell with the local physical and/or chemical cues that are acting upon the 
cell at each specific time point. This would also provide insight on the dynamics of both 
individual stem cell fate decisions, and of population-wide heterogeneity. As discussed and 
demonstrated in chapters 1-3, Raman spectroscopy is a promising tool for biochemically 
characterizing stem cells in situ in a non-invasive, quantitative manner. The low photodamage 
incurred by cells and tissue analyzed at IR or near-IR wavelengths would also allow for dynamic 
monitoring of individual cells without potentially interfering with differentiation or other cellular 
processes.1  
Several key challenges need to be addressed before implementing Raman spectroscopy as 
a method for monitoring stem cell differentiation. Firstly, the sensitivity and specificity of 
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Raman spectroscopy in detecting discrete stages of stem cells and their progeny remains to be 
determined. While several studies have established the feasibility of using Raman spectroscopy 
to distinguish between early and late stages of differentiation, it is important to identify 
intermediate stages and the timeframe at which they appear. Furthermore, many stem cell 
lineages/differentiation pathways have not been investigated using Raman spectroscopy, making 
it difficult to conclude which spectral characteristics are specific to certain differentiation 
pathways and not others. The reproducibility of using Raman spectral signatures to 
phenotypically identify cells in subsequent experiments has also been neglected in many studies, 
though reproducibility is a critical factor in developing a cell identification method. Non-
differentiation-specific differences in Raman spectra may arise from differences in cell cycle or 
metabolic processes, or from extra-cellular factors such as changes in media composition or 
acquisition conditions. Several groups have investigated dynamic changes in cellular 
composition using time-resolved Raman spectroscopy, particularly for studies on apoptosis. 
Recent studies have demonstrated the utility of Raman spectroscopy in monitoring stem cell 
differentiation over time.2-3 McManus et al. tracked apatite formation during osteogenic 
differentiation of mesenchymal stem cells over a period of 28 days,4 while Pascut et al. showed 
that spontaneous beating of embryoid bodies during cardiogenic differentiation of human ESCs 
coincided with Raman spectral changes over a 5-day period.5  
The clinical significance of HSCs was presented in chapter 3. Thus far, no studies have 
been published on spatiotemporally tracking HSC fate decisions using Raman spectroscopy. Due 
to the difficulties of maintaining primary HSC viability in ex vivo culture systems over relevant 
experimental timeframes, we opted to monitor neutrophilic differentiation of a myeloid 
progenitor cell line, 32D cells, to establish the feasibility of this technique. This neutrophilic 
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differentiation pathway is within the HSC lineage, has been well-characterized in the literature, 
and is accompanied by well-defined changes in nuclear morphology that are indicative of the 
differentiation status of each single cell. Furthermore, myeloid cells, including myeloblasts, 
granulocytes, and intermediate myeloid cells, have been characterized using Raman spectroscopy 
in previous studies.6-7 Due to the weakly adherent nature of 32D myeloid cells, it was not 
feasible to monitor the biochemical changes of a single cell over an extended period of time. 
Therefore, the goal of this study was to analyze a population of cells at different time points 
throughout neutrophilic differentiation, and correlate the nuclear morphology/differentiation 
markers of single cells within that population with their Raman spectral signatures. Finally, the 
classification accuracies of several PLS-DA models were compared in order to assess the 
sensitivity, selectivity and reproducibility of classifying discrete neutrophilic differentiation 
stages. 
 
4.2 Materials and Methods 
32D cell culture and differentiation 
Prior to inducing differentiation, 32D cells (32D Clone 3, murine cell line CRL-11346™; 
ATCC, Manassas, VA) were maintained in complete growth culture media according to ATCC’s 
recommended culture protocol for cell expansion. Complete growth media consisted of RPMI 
1640 medium with 2 mM L-glutamine adjusted to contain 1.5 g/L sodium bicarbonate, 4.5 g/L 
glucose, 10 mM HEPES, and 1.0 mM sodium pyruvate, supplemented with 10% heat-inactivated 
FBS, 10% mouse interleukin-3 culture supplement (Corning Inc., Corning, NY), and 1% 
Pen/Strep. As a good number of cells remained in suspension while some attached onto the 
culture dish, 32D cells were fed every 2-3 days by replacing a portion of the cell media with 
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fresh media. For subculture, attached cells were detached from the culture dish with a cell 
scraper and collected along with floating cells in suspension. The cells were spun down, washed 
twice with warm PBS (37 °C), and resuspended with fresh culture media for seeding.  
To induce differentiation, 32D cells were first collected and washed twice with warm 
PBS (37 °C) according to the previously reported protocol. The cells were then resuspended in 
the induction media at a density of 5 × 105 cells/mL. Induction media consisted of RPMI 1640 
medium with 2 mM L-glutamine adjusted to contain 1.5 g/L sodium bicarbonate, 4.5 g/L 
glucose, 10 mM HEPES, and 1.0 mM sodium pyruvate, supplemented with 10% heat-inactivated 
FBS, 0.1% mouse interleukin-3 culture supplement (Corning Inc., Corning, NY), 1% Pen/Strep, 
and 25 ng/mL of G-CSF for the first four days following induction.  For the rest of the 14 day 
differentiation cycle, the media consisted of RPMI 1640 medium with 2 mM L-glutamine 
adjusted to contain 1.5 g/L sodium bicarbonate, 4.5 g/L glucose, 10 mM HEPES, and 1.0 mM 
sodium pyruvate, supplemented with 10% heat-inactivated FBS, 1% Pen/Strep, and 25 ng/mL of 
G-CSF.  
Nucleus staining and nucleus area quantification 
Live 32D cells were stained with Hoechst 33342 dye (1:500 dilution) and imaged with 
Olympus IX81 inverted fluorescence microscope to visualize their nucleus. The resulting 
brightfield and fluorescence images were processed with ImageJ to determine the total cell area 
and the nucleus area of the cells to calculate the nucleus-to-cytoplasm ratio. The area of the 
cytoplasm was defined as the total cell area subtracted by the nucleus area.  
Cytospin and Wright’s stain 
Attached 32D cells were detached from the culture dish with a cell scraper and collected 
with floating 32D cells in suspension. The cells were spun down, washed twice with warm PBS 
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(37 °C), resuspended with ice cold 70% ethanol dropwise in a 15 mL polypropylene tube for 
fixation, and stored at 4 °C until analysis. Stored samples were cytospun and Wright stained at 
the Veterinary Diagnostic Laboratory at the University of Illinois at Urbana-Champaign College 
of Veterinary Medicine. Wright stained cells were imaged with a light microscope.  
Flow cytometric analysis for quantifying Gr-1(+) cell populations 
Attached 32D cells and floating 32D cells in suspension were collected as described 
above. The cells were spun down, washed twice with warm PBS (37 °C), and resuspended in ice 
cold PBS supplemented with 2% FBS and 1% Pen/Strep (buffer). Cells were then incubated with 
Fc receptor blocking antibody (CD16/CD32) to prevent nonspecific binding and then 
fluorescently labeled with FITC-conjugated Gr-1 (Ly-6G/C) antibody (1:200 dilution; 
eBiosciences, San Diego, CA). Propidium iodide (Thermo Fisher Scientific Inc., Waltham, MA) 
was used to exclude dead cells. Labeled cells were analyzed with BD LSR Fortessa Flow 
Cytometry Analyzer (BD Biosciences, San Jose, CA) to quantify Gr-1(+) cell populations.  
Cell cycle analysis 
Attached and floating 32D cells were harvested as described above, spun down, washed 
twice with warm PBS (37°C), resuspended with ice cold 70% ethanol dropwise in a 15-mL 
polypropylene tube for fixation, and stored at 4 °C until analysis. For staining, stored samples 
were spun down (200 × g, 10 min, 4°C), washed with ice cold PBS, and resuspended in Triton 
X-100/propidium iodide solution. This solution was prepared by adding 0.40 mL of 500 µg/mL 
propidium iodide to 10 mL of 0.1% Triton X-100 solution. Stained cells were analyzed with a 
BD LSR Fortessa Flow Cytometry Analyzer (BD Biosciences, San Jose, CA). Resulting flow 
cytometric data was analyzed with FCS Express software (De Novo Software, Glendale, CA) to 
perform cell cycle analysis.  
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Cell viability quantification 
32D cell viability was assessed by staining cells with Live/Dead Cell Viability Assay 
(Life Technologies, Grand Island, NY) according to manufacturer’s instructions and imaging 
them with an Olympus BX51 upright fluorescence microscope (Olympus Corp., Waltham, MA).  
Raman spectroscopy 
Cells were seeded on grid-marked glass-coated gold mirrors (Thorlabs) for 2 h before 
Raman spectral acquisition. Before analysis, the cells were rinsed with PBS, and the media was 
changed to phenol-red free RPMI supplemented with 10% FBS, 1% Pen/Strep, and 2.5% HEPES 
buffer. Raman spectra were acquired at room temperature using a Horiba LabRAM HR confocal 
Raman microscope equipped with a Horiba Synapse back-illuminated, deep-depletion CCD 
camera. A 785 nm laser (15 mW power at the sample, theoretical spot diameter of 958 nm) was 
focused on the center of each cell for 40 s through an Olympus 60x water-dipping objective (2 
mm working distance). The grating was set to 300 grooves/mm, and the pinhole and slit sizes 
were set to 500 and 100 µm, respectively.  
Protein and lipid quantification 
Cells were counted and split into two equal populations that were subjected to a 
phospholipase D (PLD) assay and a bicinchoninic acid (BCA) assay to determine the 
phospholipid to protein ratio. Cells were washed twice with PBS and pelleted by centrifugation 
at 1800 × g for 5 min. For protein quantification, cell lysates were produced by adding RIPA 
buffer (150 mM NaCl, 1.0% IGEPAL® CA-630, 0.5% sodium deoxycholate, 0.1% SDS, 50 mM 
Tris, pH 8.0), to cell pellets, followed by vortexing for 20 s and centrifugation at 8000 × g for 10 
min. Cellular protein concentration was measured by a BCA assay (Thermo Fisher). For 
phospholipid quantification, lipid extracts were prepared via the Bligh and Dyer method. Briefly, 
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2 mL methanol and 1 mL chloroform were added to each cell pellet. The cell pellet was 
vortexed, sonicated for 15 min, allowed to sit at room temperature for 1 h, and centrifuged at 
1800 × g for 5 min. The cell pellet was discarded. 1 mL of chloroform and 1 mL of 18 mΩ water 
was added to the supernatant, followed by vortexing and centrifugation at 1800 × g for 5 min. 
The chloroform layer was recovered and dried under nitrogen gas. The lipid extracts were re-
dissolved in 1:1 PLD/cholesterol buffer, vortexed, and sonicated for 15 min. Cellular 
phospholipid concentration was measured by a PLD assay. 
Data analysis 
Raman cell spectra were pre-processed and analyzed as previously described in Chapters 
2 and 3. Spectral preprocessing was performed using LabSpec 5 (Horiba Scientific) and the PLS 
Toolbox (v.8.1, Eigenvector Research, Manson, WA) run in MATLAB (8.4.0.150421, R2014b, 
MathWorks Inc., Natick, MA) prior to multivariate analysis.  Raman spectra were individually 
examined for cosmic spikes or inconsistent peaks, which were removed manually. Spectra were 
manually aligned in Excel to the Phe peak at 1003 cm-1. The spectral range was then reduced to 
624-1750 cm-1 and 2850-2987 cm-1 to remove the asymptotic behavior at the outer limits of the 
spectra that were present after variable alignment, and to remove unnecessary signal from the 
“cell-silent” region (1750-2850 cm-1) of the Raman spectra. Each cell spectrum was pre-
processed by taking the second derivative, followed by Savitzky-Golay smoothing (2nd order 
polynomial, 25 points), alignment using zero-order offset alignment (slack = 2) to a randomly-
assigned cell spectrum, normalization to the area under the CH def. peak (range 1427-1479 cm-
1), multiplying the entire spectrum by -1 in order for original peaks to have positive values after 
differentiation, and mean-centering to the data set.  
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PCA and PLS-DA were performed on the preprocessed spectra using the PLS Toolbox 
run in MATLAB. PCA reduces the dimensionality of a data set by determining a small number 
of uncorrelated components (principal components, PCs) that define the most significant sources 
of variance in the data set. Each PC consists of a linear combination of variables, with the first 
PC having the greatest variance. PLS-DA has been described in chapters 2 and 3.  
PCA models were constructed using spectra from individual differentiation rounds, 
spectra from three differentiation rounds, and spectra from sorted Gr-1(-) and Gr-1(+) cells. 
Principal components (PCs) were selected such that they constituted >1% of cumulative spectral 
variance, and based on their relevance in capturing day-to-day or differentiation-specific 
variance. Several PLS-DA models of varying calibration and validation sets were constructed for 
comparison of discriminatory performance; these models are outlined in the Results and 
Discussion section. The number of latent variables (LVs) was selected such that the cross-
validation and prediction errors were minimized (either 1 or 2 LVs); all models captured at least 
70% of the variance in the model spectra. Incorrectly calibrated samples that exhibited unusual 
spectral variance, as evidence by Q residual statistics greater than the 95% confidence limit, were 
removed from the calibration set and omitted from further analysis.   
 
4.3 Results and Discussion 
Traditional methods confirmed neutrophilic 32D cell differentiation 
32D cells were induced to differentiate into neutrophilic granulocytes, or neutrophils, by 
replacing IL-3 conditioned medium with G-CSF conditioned medium, and monitored in days 0, 
1, 4, 7, and 14 using traditional methods. Cell exhibited characteristic changes in nucleus shape 
(Figure 4.1a) based on histopathology and nucleus stains (Figure 4.1b) over time. Based on the 
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Hoechst 33342 nucleus stain images, the subpopulations of myeloblasts decreased while the 
subpopulations of segmented neutrophils increased over time, with a significant portion of 
intermediate cells seen during all days post-induction (Figure 4.1c). This also correlated with an 
increase in surface Gr-1 expression, as determined by flow cytometry and a decrease in nucleus-
to-cytoplasmic ratio, as determined by brightfield and fluorescence images, over time (Figure 
4.1d,e). Cell cycle analysis revealed that a significant portion of cells on day 0 were in the 
replication phase, while virtually no cells were replicating on day 14. Given that a significant 
portion of cells on day 14 are segmented neutrophils, as confirmed by nucleus stains and flow 
cytometry, the cease in replication confirms the typical growth cycle characteristics of these 
cells, whereby neutrophilic induction results in terminal differentiation and subsequent apoptosis. 
PCA reveals spectral trends of 32D cell differentiation 
The experimental setup for analyzing single cells is shown in Figure 4.2a. On days 0, 1, 
4, 7, and 14 post-induction, a portion of the cells were seeded on grid-marked Raman substrates, 
analyzed using Raman spectroscopy (785 nm laser), stained with Hoechst 33342 and a viability 
stain, and imaged using a fluorescent microscope. The location of each Raman-analyzed cell was 
marked using brightfield images such that the corresponding nucleus and viability stain of that 
cell was obtained. The live/dead fluorescence assay revealed that laser irradiation did not affect 
cell viability or result in an increase in apoptotic/necrotic cells compared to non-irradiated cells 
within at least 3 h of irradiation. Likewise, laser irradiation did not increase the degree of cell 
detachment from the substrate. Average Raman spectra of cells on days 0, 1, 4, 7, and 14 show 
similar Raman features between different days, requiring multivariate analysis to determine the 
most significant variation in the data (Figure 4.2b). However, certain peaks corresponding to 
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nucleic acids and lipids featured prominent changes in intensity over time, and these are marked 
as such. 
PCA of pre-processed 32D cell Raman spectra was employed to determine the major 
sources of spectral variance throughout the differentiation cycle. To visualize the spectral 
variance within and between each day after neutrophilic induction, but not between different 
differentiation rounds, PCA loading plots of Raman spectra from two differentiation rounds are 
presented for round 1 (Figure 4.3a) and round 2 (Figure 4.3b). PC1 (30.66% of cumulative 
variance) and PC2 (5.09% of CV) constituted the only significant sources of day-to-day spectral 
variation for round 1, while PC1 (24.43% of CV) and PC3 (3.02% of CV) constituted the only 
significant day-to-day variation for round 2. Based on the scores and variable plots, no relevant 
trends were observed for PC2 of round 2, therefore it was ignored in our analysis. As evident in 
these PC score plots, the cell populations on each day-post-induction do not cluster into defined 
groups, but rather overlap with the distributions from other days. The average scores of each 
population on each PC more clearly demonstrate the spectral trends in the PCA models (Figure 
4.3e). Notably, for both differentiation rounds, there was a steady decrease in the scores on PC1 
from day 0 to day 14 post-induction, with a significant standard deviation in scores on each day. 
Considering the relative peak intensities on PC1 were nearly identical for both differentiation 
rounds, we conclude that PC1 represents the most significant and consistent changes in Raman 
peak ratios as 32D cells differentiated over time. In addition, average scores on PC2 (round 1) 
and PC3 (round 2) increased over time (Figure 4.3e). 
We organized the cell spectral data in PCA models based on nuclear morphology, rather 
than the day-post-induction to further elucidate the relationship between differentiation-related 
cellular characteristics and Raman spectral trends. For this purpose, the PCA models (Figure 
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4.3a,b) are presented for round 1 (Figure 4.3c) and round 2 (Figure 4.3d) with each cell labeled 
based on its nuclear morphology (myeloblast, promyelocyte/metamyelocyte, band cell, and 
neutrophil). Due to the weakly adherent nature of 32D cells and their progeny, many cells 
detached in the interim between Raman acquisition and fluorescent staining and imaging. 
Therefore, no information about nuclear morphology was obtained for detached cells, and they 
are labeled as such in Figure 4c,d. There were significant differences in the extent of cell 
detachment from the substrates between different days and cycles, necessitating the acquisition 
of cell spectra from multiple cycles in order to sufficiently characterize all differentiation stages. 
For example, 14% of cells remained attached on day 14 of round 1, while 70% of cells remained 
attached on day 14 of round 2, possibly owing to different rates of maturation and subsequent 
apoptosis between the cycles.  
When cells were organized by nuclear morphology, PCA revealed that myeloblasts 
primarily scored positively on PC1, while segmented neutrophils primarily scored negatively on 
PC1 for both differentiation cycles. The early-stage intermediate cells, promyelocytes and 
metamyelocytes, primarily score positively on PC1, while band cells had a large distribution in 
PC1 scores. Generally, the score on PC1 decreased with increasing cell maturity. This trend is 
more clearly presented in the average PC1 score plots (Figure 4.3f). When comparing the PCA 
plots for each round in further detail, it is evident that the PC1 score for each single cell 
primarily correlated with its differentiation state rather than the day-post-induction, and that the 
significant spread in PC1 scores on each day was likely a result of the heterogeneity in 
differentiation states, as confirmed by the quantified distribution of cell types (Figure 4.1c). As 
an example, the outer cluster of cells in the upper-right quadrant of the PCA plot in Figure 4.3c 
were identified as myeloblasts and had extreme positive scores on PC1, while Figure 4.3a shows 
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that these myeloblasts were from days 1, 4, and 7 post-induction. These results also confirm that 
the most significant changes in Raman spectra between different days-post-induction were not a 
result of differences in acquisition conditions. Interestingly, there were nineteen cells from later 
induction days that, while identified as myeloblasts, scored negatively on PC1. Likewise, nine 
identified neutrophils from earlier induction days scored positively on PC1. This implies either 
that the nucleus stain was incorrectly interpreted due to limitations in resolution, that this 
component of the Raman spectra did not accurately reflect the differentiation state of these 
particular cells, or that the Raman spectra reflected other biomolecular changes occurring during 
differentiation. There was no correlation between PC2 (round 1) or PC3 (round 2) and nuclear 
differentiation state, suggesting that these PCs either reflected other biomolecular changes in the 
populations over time, or day-to-day variation as a result of changes in acquisition conditions.  
 Finally, the ability of PCA to distinguish between sorted myeloid precursors and 
terminally-differentiated neutrophils based on their Raman spectra was demonstrated (Figure 
4.3g). 32D cells were sorted based on Gr-1 (-) expression on day 0 or Gr-1 (+) expression on day 
14 and analyzed using Raman spectroscopy and PCA. As shown in the PCA plot, the two 
populations were clearly distinguished and did not feature the significant overlap in PC scores as 
seen for cells on different days post-induction. While the trends on PC1 scores were reversed 
compared to the other PCA plots, the corresponding PC1 loading plots were also reversed (not 
shown). Therefore, the spectral patterns were consistent between sorted and unsorted cells. 
Raman peak loadings of PCs reveal changes in biomolecular composition 
The variable loading plot for PC1 was interpreted in order to determine the most 
significant changes in Raman peak intensities, corresponding to changes in biomolecular 
composition, throughout neutrophilic differentiation (Figure 4.4a). The most significant features 
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on the PC variable loadings were identified as peaks corresponding to known vibrational modes, 
though several troughs as well as unidentified peaks were featured as well. As the 32D cells 
differentiated, the ratio in intensities of positively scoring peaks to negatively scoring peaks 
decreased. The Raman spectra were normalized to the area under the 1449 cm-1, corresponding 
to CH deformation mode from proteins and lipids, therefore all variable loadings on PC1 are 
presented in relation to the total cytoplasmic and membrane content. The most dominant feature 
of PC1 is the higher ratio of nucleic acids (682, 728, 788, 828, 1096, 1143, 1342, 1377, 1422, 
1488, 1514, 1575 cm-1) and proteins (645, 858, 937, 1180, 1208, 1285, 1312, 1449, 1608, 1640) 
to lipids (716, 873, 972, 1269, 1301, 1437, 2850) in immature cells compared to differentiated 
cells (refer to Table A.1 for peak assignments). Of the positively scoring peaks on PC1, peaks 
corresponding to nucleic acids, particularly at 788 cm-1 from the DNA/RNA backbone O-P-O 
symmetric stretch mode, were more significant in score than protein peaks. The higher ratio of 
nucleic acid peaks to the 1449 cm-1 normalization peak indicates a higher nucleocytoplasmic 
ratio in immature cells, as confirmed by brightfield and fluorescent images (Figure 4.1d) as well 
as published Raman and hematological studies.6 As indicated in these images, the area of the 
nucleus relative to the cytoplasm decreases during differentiation; thus, the most significant 
spectral changes correlate with nuclear differentiation markers. The positively scoring protein 
peaks on PC1 also correspond to nuclear proteins, which have been previously characterized in 
neutrophilic granulocytes by Raman spectroscopy, further demonstrating that positively scoring 
peaks in PC1 likely correspond to nuclear content (DNA, nucleosomes, and chromatin) in 
relation to extra-nuclear content.7 While the vibrational modes of various biomolecules often 
overlap in the Raman spectra, PCA may effectively resolve such peaks into components that are 
specific to a single biomolecule. The relative contribution of protein (Amide I) and lipid (C=C 
  
 
97 
stretch) to the 1660 cm-1 peak in erythrocyte membranes has been reported to be 69% and 31%, 
respectively.8 Given the negative scores of other lipid-related peaks on PC1, the significant 
negative score of the 1660 cm-1 peak may suggest that this component captured the lipid-specific 
contribution of this peak. Alternatively, this finding may indicate higher levels of specific extra-
nuclear/granular proteins, such as lactoferrin, in maturing cells.9 Interestingly, several negatively 
scoring protein peaks (1108, 1128, 1360, 1554-1560, 1590) correspond to previously reported 
Raman peaks of myeloperoxidase, analyzed in both native form and within the cytoplasm of 
neutrophilic granulocytes.7,10-12 This peroxidase enzyme is abundantly expressed in myeloid 
cytoplasmic granules upon induction with G-CSF.13-14 Our findings suggest that the Raman 
spectral profile of 32D cells features decreasing levels of nuclear protein peaks and increasing 
levels of cytoplasmic protein peaks as cells differentiate into neutrophils, and are consistent with 
previously reported studies on Raman spectroscopy of myeloid cells.6 
Of the lipid-related peaks scoring negatively on PC1, peaks corresponding to choline 
headgroups (716 cm-1) and general lipid CH2 deformation (1437 cm-1) were the most significant 
in score, indicating that the ratio of choline-containing lipids to nucleic acids in the sample 
volume decreased throughout cell maturation. While there is little evidence of altered 
phospholipid, specifically phosphatidylcholine, content in the membranes of neutrophilic 
granulocytes, this finding may be an indicator of other granulopoiesis-specific compositional 
changes, or of altered cell cycle/growth status throughout differentiation. These findings will be 
discussed in further detail below.  
As previously mentioned, the average scores on PC2 (round 1) and PC3 (round 2) 
generally increased over time throughout differentiation, but did not correlate with changes in 
nuclear morphology. The score plots of these PCs differ significantly (Figure 4.4b,c), though 
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they both feature positive scores for the peak corresponding to the acquisition media (1047 cm-1) 
and the Amide I protein/C=C lipid (1660 cm-1), and negative scores for the peak corresponding 
to RNA (811 cm-1). The increase in contribution from the cell media may be indicative in 
changes in cell size, and therefore the contribution of the media within the focal volume. 
Changes in the RNA peak intensities are also indicative of increased RNA synthesis that would 
likely be present in the early, proliferative stages of differentiation, as previously reported.15-16  
To further investigate the significant differences in lipid peak intensities throughout 32D 
neutrophilic differentiation, as evidenced by the PC loading plots, the lipid spectral patterns were 
compared to the cellular phospholipid and protein content on each day of analysis as determined 
via biochemical assays. The ratio of the choline peak (716 cm-1) to the Phe peak (1003 cm-1), 
representative of protein content, increased over time for differentiation rounds 1 and 2 (Figure 
4.5a). These spectral changes were consistent with the biochemical compositional change in 
phospholipid to protein content for round 2, with the exception of day 7 post-induction. These 
results also indicated a significant 2.5x increase in phospholipid-to-protein content from day 0 to 
day 14, while the peak ratios increased 1.2x for the corresponding round. It is unclear if the 
increasing ratio of choline and lipid peaks to nucleic acids and protein peaks over time is an 
indicator of granulopoiesis-specific or cell cycle-specific changes in biochemical composition. 
An increase in cellular phospholipid content may be an indicator of higher ratios of 
phospholipids in cytoplasmic granules that form throughout differentiation. Granulopoiesis is 
marked by the production of cytoplasmic granules for the storage of cytotoxic molecules; early 
intermediate stages of granulopoiesis (promyelocyte/myelocyte) primarily feature azurophilic 
granules in the cytoplasm, while late stages (neutrophilic granulocyte) primarily feature an 
abundance of specific granules and smaller numbers of azurophilic granules.14 Specific granules 
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have been shown to have higher ratios of phospholipid to cholesterol in their vesicle 
membrane,17 which correlates with the trend of increasing choline-to-cholesterol (716 cm-1/701 
cm-1) peak intensities on PC1 and PC2 (round 1). The trend of increasing choline-to-protein (716 
cm-1/1003 cm-1) peak intensities on PC1 may be a general indicator of increasing concentrations 
of cytoplasmic granules as the cells progress through granulopoiesis. Further analysis of 
intracellular granular quantification is required to confirm these findings. 
The increase in lipid-peak intensities may also be an indicator of cellular biochemical 
composition as a result of altered cell cycle status/growth rate throughout differentiation. As 
shown in Figure 4.1f, there is a significantly larger portion of cells in the S/replication phase on 
day 0 compared to day 7, due to the rapid proliferation of myeloblasts in response to IL-3/growth 
media. In response to G-CSF, 32D cells commit to terminal differentiation, rather than 
proliferation and expansion, before finally undergoing apoptosis. The increase in the ratio of 
lipid-to-nucleic acid/protein peaks throughout differentiation, as observed in PC1, and 
corresponding cell cycle analysis is consistent with reported spectral trends comparing 
proliferating to plateaued cells (namely, a relative decrease in lipid and increase in protein and 
RNA in exponential cells).16 Furthermore, changes in cellular lipid content are also indicative of 
apoptotic processes in the cell. As terminally-differentiated cells prepare to undergo apoptosis, 
an increase in lipid production is required for the generation of apoptotic bodies in the cells. As 
demonstrated in previous studies on Raman spectroscopy of apoptotic mammalian cells, 
apoptosis results in a significant increase in RNA and phosphatidylcholine-related peaks and a 
decrease in DNA-related peaks.18 As the live-dead assay does not distinguish between living 
cells and cells in early stages of apoptosis, it is plausible that the spectral changes observed in 
analyzed neutrophils reflected these alterations in cell proliferation and apoptotic processes. 
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While lipid composition studies revealed neutrophils to have an increased cholesterol-to-
phospholipid ratio when compared to immature myeloid precursors,19 the peak intensity 
corresponding to the cholesterol sterol ring at 701 cm-1 was too low to determine the spectral 
ratios of cholesterol-to-phospholipid in our study.  
PCA demonstrates consistent spectral changes throughout three differentiation rounds 
In order to determine the reproducibility of Raman spectroscopy as a tool to monitor 
neutrophilic differentiation, Raman cell spectra from three rounds of differentiation were 
analyzed using PCA (Figure 4.6a). Individual cell spectra were organized based nuclear 
morphology. PC1 captured 25.61% of the cumulative variance, while PC2 captured 3.95% of the 
cumulative variance. As evident in the PCA score plot, PC1 scores correlated with the 
differentiation state, with the same trend that was observed for the individual round PCA plots 
(Figure 4.3). Moreover, the most significant and relevant sources of spectral variance were not 
significantly affected by batch-to-batch variation or differences in acquisition conditions, such as 
fluctuations in laser intensity, between the three differentiation rounds analyzed over a time 
period of several months. Differences in PC2 scores primarily corresponded to day-to-day 
variation and were not deemed relevant. The relative peak intensities in the variable loadings in 
PC1 were nearly identical to those of PC1 in Figure 4.4a (not shown). Examples of cells from all 
three differentiation rounds in various differentiation states, according to their nuclear 
morphology, and their respective PC1 scores are presented (Figure 4.6b). A demonstrable 
decrease in scores indicated increased maturation, regardless of the day post-induction. Given the 
significant overlap in PC1 scores between the different cell types, as well as the instrument and 
user limitations in assigning identities based on nucleus stains, it is difficult to assign precise 
boundaries in PC1 scores between the four differentiation stages. Nevertheless, these results 
  
 
101 
show the potential of PCA and Raman spectroscopy to assign a quantitative “differentiation 
score” to single cells. 
PLS-DA accurately discriminates between end-stages of neutrophil differentiation based on 
Raman spectra 
The ability to discriminate between myeloid differentiation states based on Raman 
spectra was evaluated using PLS-DA. Briefly, this multivariate regression method determines the 
combinations of peaks that are specific and sensitive to each cell phenotype or lineage. The 
myeloblast and neutrophil cell spectra from three differentiation rounds were split using a 
venetian blinds method into calibration and test sets. The calibration set consisted of 58 
myeloblast cell spectra and 58 neutrophil cell spectra, while the test set consisted of 57 
myeloblast cell spectra and 92 neutrophil cell spectra. The peak at 1047 cm-1, originating from 
the cell acquisition media, was removed from analysis due to its high Q residual scores. Two 
latent variables were chosen for the model to minimize the cross-validation error; LV1 captured 
19.4% of the variance, while LV2 captured 2.54% of the variance. The resulting model predicted 
myeloblasts and neutrophils with an error of 11.3% (Figure 4.7a), demonstrating the powerful 
discriminant ability of PLS-DA. The corresponding VIP plots for this model, which show the 
most significant peaks that were used to discriminate between the two cell types (Figure 4.7b) 
were primarily composed of nucleic acid Raman peaks, with a relatively small contribution from 
the choline peak (716 cm-1) and other lipid peaks. Therefore, while lipid spectral variation was 
significant throughout differentiation as demonstrated by PCA, the most significant determinant 
of differentiation state, based on nuclear morphology, is the spectral nucleocytoplasmic ratio. 
Five of the six misclassified myeloblasts in the test set were cells from days 7 and 14 post 
induction, suggesting that either the nuclear morphology of these particular cells belied their true 
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differentiation state, or that the model was slightly biased by day-to-day variation. The 
sensitivity of the model is also limited by the accuracy of how the cells were visually identified 
based on the nucleus stain.  
The performance scores of four PLS-DA calibration models were compared to determine 
the optimal calibration model for myeloid cell discrimination. (Table 4.1). The model described 
above (Model 1) yielded the lowest classification error of 11.3%, while the model calibrated 
using cell spectra from differentiation round 2 (chosen because this set had sufficient data from 
both myeloblasts and neutrophils) used to predict spectra from round 1 and 3 (Model 2) yielded a 
slightly higher classification error of 15.3%, with correspondingly lower sensitivity and 
specificity. We speculate that Model 1 more effectively filtered out spectral variation between 
the different rounds to determine the combinations of peaks that were relevant to cell 
classification. A PLS-DA model calibrated using spectra from sorted Gr-1(-) cells from day 0 
(n=32) and 32 sorted Gr-1(+) cells from day 14 (n=32) to predict myeloid and neutrophil cells, 
respectively, yielded a classification error of 16.0% (Model 3). The prediction capability of this 
model was also highly dependent on pre-processing parameters; the Savitzky-Golay smoothing 
filter for this model was increased from 25 to 31 to minimize the error. The performance of 
Model 1 compares favorably, due to the fact that the same cellular characteristic is being used to 
calibrate the test the model. The higher error in Model 3 suggests that the Gr-1 marker 
expression does not entirely correlate with nuclear morphology, or that the model was not as 
robust because it was calibrated using spectral data from only one differentiation round. Finally, 
a PLS-DA model calibrated and tested using spectra from all four differentiation states 
(myeloblasts, promyelocytes/metamyelocytes, band cells, and neutrophils) from three 
differentiation rounds yielded the highest classification errors of 19-44%, demonstrating that the 
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intermediate differentiation states did not present with distinct Raman spectra that were specific 
to these states.  
 
4.4 Conclusions 
The results of this study show that it is feasible to spectroscopically monitor the 
neutrophilic differentiation of myeloid cells over time, and that the spectral profiles of individual 
32D cells correlate with their differentiation states, as determined by nuclear morphology. 
Population-wide spectral trends based on PCA also correlated with known changes in 
biochemical composition during granulopoiesis. The dramatic increase in certain lipid peaks, 
particularly from choline headgroups, was an interesting finding that requires further 
investigation using biochemical assays. Our study also confirmed the reproducibility of 
monitoring differentiation-specific spectral trends by analyzing cells throughout three 
differentiation rounds. PLS-DA was able to accurately discriminate between end-stage 
myeloblasts and neutrophils, regardless of the day post-induction on which the cells appeared. 
However, PLS-DA was not able to identify intermediate promyelocyte/metamyelocytes and band 
cells, though the identification of these particular cells based on nuclear morphology was 
partially ambiguous. Further optimization or using spectral scanning/mapping over a larger cell 
area, particularly over the cytoplasmic region, may improve the sensitivity in detecting 
intermediate cell types. Notably, the accuracy of cell identification using PLS-DA improved 
when models were calibrated with spectra from three differentiation rounds, allowing for PLS-
DA to filter out day-to-day and batch-to-batch spectral variation. This proof-of-concept 
demonstrates the potential of using Raman spectroscopy to spatiotemporally monitor 
differentiation-specific spectral changes in other stem cells. 
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4.5 Figures and Tables 
 
Figure 4.1. Neutrophilic differentiation of 32D cells. (a) Neutrophilic differentiation of 32D 
cells is accompanied by characteristic changes in their nucleus shape. Undifferentiated 32D cells 
are immature myeloblasts with a large circular nucleus. Upon replacing IL-3 conditioned 
medium and administering G-CSF, 32D cells spontaneously differentiate to become 
promyelocytes, metamyelocytes, band cells, and finally mature neutrophils with a segmented 
nucleus. (b) Bright field (top panel) and fluorescent (bottom panel) images were taken during the 
course of neutrophilic differentiation to monitor changes in their nucleus shape. Day 0 cells refer 
to undifferentiated cells before inducing differentiation. Bottom panel: Hoechst 33342 dye. Scale 
bar: 10 µm. (c) Based on Hoechst 33342-stained nucleus images, 32D cells were classified as 
myeloblasts, intermediates (promyelocytes, metamyelocytes, band cells), or segmented 
neutrophils during the course of differentiation. n=7-93. (d) Based on brightfield and fluorescent 
images, cell size and nucleus size were computed with ImageJ to determine nucleus-to-
cytoplasm ratio. n=5-40. (e) Gr-1 expression of 32D cells was measured using flow cytometry. 
Gray refers to isotype control. (f) Cell cycle status of Day 0 (undifferentiated) and Day 7 cells 
were quantified with Multicycle DNA analysis available in FCS Express software.  
(a)  (b) 
(c)  (d) 
(e) 
(f) 
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Figure 4.2. Experimental schematics for Raman spectroscopic analysis of 32D cells during the 
course of differentiation. (a) 32D cells were maintained in tissue culture dishes and 
differentiation was induced by replacing the growth medium with the induction medium (Day 0). 
On Day 0, 1, 4, 7, and 14 following induction, 32D cells cultured in tissue culture dishes were 
seeded on a Raman substrate and analyzed with Raman spectroscopy equipped with a 785 nm 
laser. Immediately following Raman imaging, cells on the Raman substrate were stained with 
Hoechst 33342 and imaged with a upright fluorescence microscope to check the nucleus shape of 
the Raman-analyzed cells. Inset images in dash line boxes represent actual Raman and 
fluorescence images of 32D cells, respectively. Some cells (circled red) detached during the 
process and were not visible during the post-nucleus staining step. 32D cells from the same batch 
were also analyzed with flow cytometry for the surface marker Gr-1 and separately stained with 
Hoechst 33342 for nucleus shape to monitor their differentiation progress. (b) Average Raman 
spectra of 32D cells during the course of differentiation to neutrophils. Some peaks showed 
pronounced decreases or increases. A few such peaks are highlighted here as an example.  
(a) 
(b) 
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Figure 4.3. PCA of 32D single cell spectra on days 0, 1, 4, 7, and 14 following neutrophilic 
induction depicts the most significant sources of variance and population heterogeneity for 
induction rounds 1 (a) and 2 (b). The same PCA models, organized by nuclear morphology 
rather than day-post-induction, demonstrate spectral trends as cells progressed through 
neutrophilic differentiation states for rounds 1 (c) and 2 (d). Nuclear morphology was not 
determined for cells that had detached between spectral acquisition and fluorescent imaging 
(labeled ‘detached cell’). Average PC1 and PC2 scores for induction round 1 ((e), left) and 
average PC1 and PC3 scores for induction round 2 ((e), right) on days 0, 1, 4, 7, and 14 are 
presented with standard deviations. Average PC1 scores for the four differentiation states are 
presented for round 1 ((f), top) and round 2 ((f), bottom). PCA depicts the most significant 
sources of spectral variance between sorted Gr-1 (-) cells from day 0 and Gr-1 (+) cells from day 
14 (g).  
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Figure 4.4. PC score plots are presented for the PCA models in Figure 4.3. Score plots for PC1 
of round 1 (a), PC2 of round 1 (b), and PC 3 or round 2 (c) demonstrate the combination of 
Raman peaks in each respective component of spectral variance. PC1 of round 2 was virtually 
identical in peak frequencies and ratios as PC1 of round 1, and is not shown. The most 
significant and relevant peaks are labeled with the peak wavenumber, which is color-coded 
according to the corresponding biomolecule type (nucleic acid, protein, lipid, or a combination of 
biomolecules). 
  
(a) 
(b) (c) 
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Figure 4.5. The average ratios of choline (716 cm-1) to Phe (1003 cm-1) Raman peak intensities 
on days 0, 1, 4, 7, and 14 after neutrophilic induction were determined for induction rounds 1 
and 2 (a). Error bars represent one standard deviation. The ratio of total cellular phospholipid to 
protein content was determined for days 0, 1, 4, 7, and 14 of round 2 using PLD and BCA assays 
(b). Relative phospholipid-to-protein content is reported by normalizing to day 0. 
 
 
 
 
 
 
 
 
  
(a) 
(b) 
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Figure 4.6. A PCA plot of 32D cell spectra combined from three differentiation rounds 
demonstrates the most significant sources of spectral variance (a). Cells are labeled based on 
their nuclear morphology/differentiation state and by the differentiation round. Examples of cells 
corresponding to the four differentiation states were selected from days 0, 1, 4, 7, and 14 from all 
three rounds and assigned PC1 scores from the above PCA plot (b). 
 
 
 
(a) 
(b) 
  
 
110 
 
 
 
 
Figure 4.7. A PLS-DA model was generated and tested using myeloblast and neutrophil cell 
spectra, as determined by nuclear morphology (a). Myeloblast and neutrophil spectra were 
included from all differentiation rounds and time points, including myeloblast spectra from day 
14 and neutrophil spectra from day 1. The corresponding identification plot shows cells above 
the classification threshold (red dashed line) were identified as myeloblasts, while cells below 
the threshold were identified as neutrophils. The corresponding VIP plot shows the Raman peaks 
that were determined to be most important for discriminating between myeloblasts and 
neutrophils (b). Peaks above the red dashed unit line were estimated to be important in predicting 
the cell type; select peaks with the most significant scores are labeled.  
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Table 4.1. Sensitivities, specificities, and classification errors of PLS-DA models of 32D cell 
spectra. 
 
Model 
# 
PLS-DA  
Model/Test 
Sensitivity  
calibration/CV/ 
prediction 
Specificity 
calibration/CV/ 
prediction 
Prediction 
classification 
error 
1 
Calibration and prediction: 
myeloblasts and neutrophils 
from differentiation rounds 1,2,3 
(split using venetian blinds) 
0.965, 0.966 
0.912, 0.879 
0.893, 0.882 
0.966, 0.965 
0.879, 0.912 
0.882, 0.893 
11.3% 
2 
Calibration: myeloblasts and 
neutrophils from round 2 
Prediction: myeloblasts and 
neutrophils from rounds 1, 3 
0.887, 0.887 
0.849, 0.868 
0.938, 0.756 
0.887, 0.887 
0.868, 0.849 
0.756, 0.938 
15.3% 
3 
Calibration: Sorted Gr-1(-)  and 
Gr-1(+) cells 
Prediction: myeloblasts and 
neutrophils from differentiation 
rounds 1,2,3 
0.906, 0.938 
0.875, 0.938 
0.776, 0.904 
0.938, 0.906 
0.938, 0.875 
0.904, 0.776 
16.0% 
4 
Calibration and prediction: 
myeloblasts, 
promyelocytes/metamyelocytes, 
band cells, and neutrophils 
from differentiation rounds 1,2,3 
0.793, 0.704, 0.771, 0.803 
0.793, 0.278, 0.343, 0.724 
0.797, 0.407, 0.371, 0.882 
0.782, 0.781, 0.729, 0.830 
0.782, 0.669, 0.681, 0.755 
0.727, 0.724, 0.751, 0.743 
23.8% 
43.5% 
43.9% 
18.8% 
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CHAPTER 5 
CONCLUSIONS AND FUTURE DIRECTIONS 
The body of work presented herein demonstrates that Raman spectroscopy is a powerful 
approach to single cell analysis, and is applicable as an analytical tool for investigating stem cell 
fate decisions on tissue engineering platforms. The feasibility of this method was evaluated in 
Chapter 2 whereby identification models were generated using partial least squares-discriminant 
analysis (PLS-DA) of Raman spectra from both fixed and living MDCK, NIH 3T3, CHO, and 
Clone 15 cells. These models were used to accurately identify cells seeded in more complex co-
culture environments, which emulate the multi-population environment of many stem cell 
screening platforms. Several variables were investigated in developing this methodology, 
including the effects of fluorescence photobleaching and focal volumes on cell classification 
accuracy. Figure 5.1 shows some of the key experimental factors involved in utilizing Raman 
spectroscopy for single cell analysis, ranging from cell culture methods, sample preparation and 
choice of substrate, measurement and instrument parameters, acquisition conditions, pre-
processing of spectra, and multivariate analysis parameters. These factors must be extensively 
tested and characterized in order to expand and standardize this technology towards applications 
in high-throughout screening, particularly in the generation of cell spectral libraries. 
 In Chapter 3, this methodology was applied towards identifying discrete differentiation 
states of fixed individual primary hematopoietic cells, ranging from the most primitive HSCs to 
fully differentiated blood cells, on complex biomaterial substrates. Thus far, no other work has 
been published on characterizing and identifying primary HSCs using Raman spectroscopy.  
PLS-DA of Raman spectra was sensitive and specific enough to discriminate between HSCs and 
their progeny, and in particular, closely related long-term HSCs were discriminated from short-
term HSCs. In addition, PLS-DA models generated using spectra from cells seeded on stiff and 
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soft fibronectin-coated polyacrylamide gels, which emulate the range of stiffness observed in 
bone marrow, effectively avoided any bias from background signals arising from differences in 
gel biophysical properties. Model latent variables provided insight into the differences in 
biochemical composition between the four cell types. This work provides a proof-of-concept for 
the application of Raman spectroscopy to monitoring stem cell fate decisions along the 
hematopoietic differentiation pathway on combinatorial biomaterial platforms with location 
specificity. However, the current data analysis approach may not be adequate for extracellular 
matrices that produce high background signals, which would necessitate further improvements in 
background elimination and axial spatial resolution.  
 While Chapters 2 and 3 focused on identification of individual cells with location 
specificity, the work presented in Chapter 4 demonstrated the feasibility of monitoring stem cell 
differentiation over time using Raman spectroscopy with reproducibility. The neutrophilic 
differentiation of myeloid cells was monitored over 14 days using standard techniques and 
Raman spectroscopy. These results showed that Raman spectral patterns of discrete stages of 
neutrophilic differentiation, as confirmed by nuclear morphology, were consistent throughout 
different days post-induction and throughout three rounds of differentiation. Furthermore, 
classification models accurately identified myeloblasts and neutrophils based on their spectra 
irrespective of the day post-induction or the differentiation round from when they were acquired, 
thereby demonstrating the reproducibility of this technique. Future studies on spectral analysis of 
more well-defined intermediate stages of differentiation are necessary in order to establish a 
spectral marker for these stages.  
Non-invasive spatiotemporal monitoring of individual stem cells using Raman 
spectroscopy presents a significant research challenge. This work demonstrates that label-free 
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Raman spectroscopy can be combined with PLS-DA to quantitatively and non-invasively 
identify individual living stem cells in engineered cultures with location and time specificity. 
Optimization of spectral acquisition and data processing will further improve the sensitivity of 
the technique in probing hematopoietic stem cell fate decisions within complex biomaterial 
screening platforms. Thus, we can apply this methodology towards further elucidating the 
chemotactic and micromechanical cues that drive stem cell differentiation, among many other 
applications in biomedical research.  
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5.1. Figure 
 
Figure 5.1. Variables involved in generating accurate classification models using Raman spectra 
of individual cells. 
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APPENDIX A 
 
A.1 Table 
Table A.1. Peak assignments for Raman spectra of cells. 
Peak position 
(cm-1) Nucleic acids Proteins Lipids Carbohydrates 
623  C-C twist Phe   
645  C-C twist Tyr   
669 G, T    
678 G ring br.     
701   Cholesterol ring str.  
716   Choline  
728 A ring br.  Ring br. Trp C-N str.   
746 T ring br.  Trp.   
782 U, C, T ring br.     
788 O-P-O str. DNA    
811 O-P-O str. RNA  O-P-O  
828 O-P-O str.  Out of plane ring br. Tyr   
853  Ring br. Tyr   
873   C2-C1  
897 BK, deoxyrib.     
937  C-C BK str. α helix   
957  CH3 def.  CH3 def.   
972   C-C  
985   C-C head groups  
990-996   C-C  
1003  Sym. ring br. Phe   
1013 C-O deoxyrib.    C-O str.  
1033  C-H in-plane Phe   
1046  Culture media (undefined)    
1066  C-N str.  Chain C-C str.   
1080  C-N str.  Chain C-C str.  C-O str.  
1095 PO2- str.   Chain C-C str.  C-C str.  
1128  C-N str.  Chain C-C str.   
1158  C-C/C-N str.    
1176  C-H in-plane bend Tyr   
1209 C, T C-C6H5 str. Phe, Trp   
1234 C Amide III random coil   
1242  Amide III β sheet   
1258 A Amide III β sheet =CH def.   
1270   CH def.  
1285  Amide III α helix   
1301  Amide III, CH def. CH2 twist  
1312  CH def.   
1320 G CH def.    
1337 A, G CH def.    
1367   CH3 sym str.  
1373 A, G, T    
1421 A, G    
1437   CH def.   
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1449  CH def.  CH def.  CH def. 
1485 A, G    
1510 A    
1550  Amide II α helix   
1566  Phe, Trp    
1575 A, G    
1607  C=C Phe, Tyr   
1617  C=C Tyr, Trp   
1626-1640  Amide I β sheet   
1659  Amide I α helix C=C str.   
1669-1690  Amide I turn   
1676 T    
2853   CH2 sym str.  
2888   CH2 asym str.  
2935  CH3 sym str. CH3 sym str.  
2960-2980  CH3 asym str. CH3 asym str.  
 
Abbreviations: Phe: phenylalanine, Trp: tryptophan, Tyr: tyrosine; A, T, G, C: adenine, thymine, 
guanine, cytosine; sym: symmetric, asym: asymmetric, def: deformation, bk: backbone, ring br: 
ring breathing. Assignments are based on references.1-7  
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